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Humans effortlessly and accurately judge their subjective probability of
being correct in a given decision, leading to the view that metacognition is in-
tegral to decision making. This thesis reports a series of experiments assessing
people’s confidence and error-detection judgements. These different types of
metacognitive judgements are highly similar with regard to their methodology,
but have been studied largely separately. I provide data indicating that these
judgements are fundamentally linked and that they rely on shared cognitive
and neural mechanisms. As a first step towards such a joint account of confi-
dence and error detection, I present simulations from a computational model
that is based on the notion these judgements are based on the same underlying
processes.

I next focus on how metacognitive signals are utilised to enhance cognitive
control by means of a modulation of information seeking. I report data from a
study in which participants received performance feedback, testing the hypo-
thesis that participants will focus more on feedback when they are uncertain
whether they were correct in the current trial, whilst ignoring feedback when
they are certain regarding their accuracy.

A final question addressed in this thesis asks which information contributes
internally to the formation of metacognitive judgements, given that it remains
a challenge for most models of confidence to explain the precise mechanisms by
which confidence reflects accuracy, under which circumstances this correlation
is reduced, and the role other influences might have, such as the inherent
reliability of a source of evidence. The results reported here suggest that
multiple variables — such as response time and reliability of evidence — play a
role in the generation of metacognitive judgements. Inter-individual differences
with regard to the utilisation of these cues to confidence are tested. Taken
together, my results suggest that metacognition is crucially involved in decision
making and cognitive control.
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Chapter

Introduction: What is metacognition?

In everyday life, we constantly make decisions. Some of these decisions are
complex, high-level choices, such as deciding which of two different car models
to buy. Decisions of this type usually require a considerable amount of effort
and careful deliberation, and gathering of information can span days, weeks, or
even months. On the other hand, there are low-level decisions, such as driving
a car towards a set of traffic lights and perceiving the state it is in, classifying
its signal as either green or red. Such perceptual decisions are usually formed
without us noticing, that is non-consciously, automatically, and effortlessly.
Despite surface differences, it is assumed that these decisions share
the fundamental characteristic that an effective way to reach a decision is
to accumulate evidence (favouring one or another decision) until evidence in
favour of one of the decisions reaches a predefined criterion, which marks the
point at which a choice is settled upon. There are many different versions of
such evidence sampling models, Figure 1 shows the above described example of
deciding between two cars for such a model: Over time, which is represented on
the x-axis, the participant accumulates evidence in two separate counters, one
for each car model. These evidence counters ‘race’ towards a fixed threshold

and the counter that reaches the threshold first determines the outcome of
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the choice. For quite some time, both counters might develop fairly similarly,
but then the participant watches a history documentary on the Mini Cooper,
which leads to a larger increase in evidence in the blue counter. However, one
day, the participant walks past the local car dealer who offers the Vauxhall
Corsa with a 5% discount. This final, positive piece of evidence in favour of
buying the Corsa leads to crossing the decision threshold: The participant has
decided to buy the Vauxhall Corsa.

Choice

/

Mini Cooper

Vauxhall Corsa

O ime

Figure 1: Schematic example of a sequential-sampling model for which two
non-competing counters accumulate evidence over time, as presented on the x-
axis, until one of the counters reaches the decision threshold (upper horizontal
line), at which time a choice is elicited and accumulation stops. The blue
counter presents evidence in favour of the Mini Cooper car model; the red
counter evidence in favour of the Vauxhall Corsa model.

This example already illustrates two of the dependent variables that
are usually studied in the context of decision making. One of them is the choice
itself: In the case of value-based decision making, such as the car example just
described, there is a preferred and a non-preferred option. In the low-level

tasks often used in laboratory research on perceptual decision making, such
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as the random dot-motion task (e.g., Kiani, Corthell & Shadlen, 2014), there
is usually a correct and an incorrect response option. Averaging the choices
made by a participant across decisions leads to error or accuracy rates. The
other dependent variable is decision time, represented on the x-axis in Figure
1. Tracking both the speed and the actual choice of a decision makes sense
from an economic perspective — there are situations in which we have to put
a stress on the accuracy of a choice, whereas in other situations we need to
be as fast as possible. There are also many situations in which we have to
balance both factors, given that there is usually a tradeoff between the two,
that is decisions that are slow are usually more accurate and vice versa (Heitz
& Schall, 2012; Bogacz, Wagenmakers, Forstmann & Nieuwenhuis, 2010).

There is a third variable that has increasingly gained interest over the
past decades in the decision-making literature, which is the sense of whether or
not a decision just made is a good or a bad one. Human observers have been
found to be capable of finely calibrated evaluations of their task performance.
In perceptual-decision tasks, for example, participants reliably detect their er-
rors produced under speed pressure (Rabbitt, Cumming & Vyas, 1978), and
report graded judgements of confidence that correlate closely with their object-
ive performance (Audley, 1960; Baranski & Petrusic, 1994; Vickers & Packer,
1982).

This sense of correctness or incorrectness is often defined as an instance
of metacognition. As a prefix, the Greek meta denotes “something of a higher
or second-order kind” (meta-, n.d.). Cognition comes from the Latin word
cognoscere which means “get to know” (cognition, n.d.) and can be translated
with “the mental action or process of acquiring knowledge and understanding
through thought, experience, and the senses”. Putting both terms together,

metacognition therefore ‘“refers to one’s knowledge concerning one’s own cog-
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nitive processes or anything related to them” (Flavell, 1976, p. 232). According
to such a broad definition, a whole range of cognitive processes must be clas-
sified as metacognitive, such as reward prediction errors (Shea, 2012). For the
purpose of clarity, I will, however, use a more narrow, operationalised defin-
ition of metacognition, understanding it to be “behaviour about behaviour”
(Fleming, Dolan & Frith, 2012). Such a definition includes, for example, per-
formance judgements in which the participant is asked to rate how accurate
the previously made decision was.

In the present thesis, I focus on metacognition in decision making.
I ask how studies regarding such signals should best be designed, how dif-
ferent lines of research on metacognition in decision making can be linked,
what the uses of metacognition in decision making are, as well as how meta-
cognitive judgements are formed. Accumulation models have been useful in
understanding decision making, and might be equally useful as a framework
for understanding metacognition. I therefore assume sequential sampling as an
underlying mechanism when asking these questions. In the following sections,
I review findings on metacognition in decision making and derive my research

questions from these findings.

1.1 Fields of metacognition research

Metacognition has raised interest in many different lines of research, some of
which I briefly review here to give an overview on how research in this field has
developed over the past decades. The idea of metacognition reaches back to
the roots of experimental psychology: William James distinguished the self as
knower (“I”) and known (“me”) and used introspection to explore mechanisms

of the human mind (James, 1890). Introspection can be defined as the act
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of reading out internal, mental states. Such states can be metacognitive (de-
tection of an error), but also object-level representations (feeling hungry). It
should therefore be stressed that while metacognition is a case of introspection,
not all introspection is necessarily metacognitive. Introspective judgements —
both metacognitive and non-metacognitive — were one of the main methods
of early experimental psychology (James, 1890). Introspection proved to be
a suitable psychological method to study metacognitive insight as reflected in
confidence ratings. The first systematic experiments focusing on confidence of
being correct with regard to a just-made decision were conducted in the con-
text of psychophysics paradigms. The standard paradigm to assess confidence
is highly similar to the one used nowadays: Immediately after making a per-
ceptual decision, such as judging which of two lines is longer (Henmon, 1911)
or which of two weights is heavier (Peirce & Jastrow, 1884), participants rate
their confidence, often using a discrete confidence scale with verbal categor-
ies. Henmon (1911), for example, used a 4-point scale ranging from “perfectly
confident”, “fairly confident”, and “with little confidence”, to “doubtful”.

Most importantly, these studies revealed that confidence judgements
covaried reliably with participants’ objective accuracy (Peirce & Jastrow, 1884;
Fullerton & Cattell, 1892; Henmon, 1911). In other words, when participants
stated that they had made an error, there was a high likelihood that they
had indeed committed a mistake in the previous trial. This finding, no doubt,
fuelled further interest in confidence as a measure per se. It was moreover found
that participants vary to a large degree in how they assigned the confidence
categories to their internal feelings of confidence or certainty (Fullerton &
Cattell, 1892), with their introspective ability being far from perfect and with
signs of systematic over- and underconfidence for some of the participants.

Moreover, these early studies already established that confidence depends on
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task difficulty (Griffing, 1895), that faster responses are often classified as more
confident (Henmon, 1911), and that distributions of confidence responses for
correct and error trials are largely overlapping (Griffing, 1895). Furthermore,
Peirce and Jastrow (1884) explicitly defined confidence as a metacognitive,
second-order mental process: “The quantity which we have called the degree
of confidence was probably the secondary sensation of a difference between the
primary sensations compared.”

Taken together, work on confidence in decision making reaches back
to the early beginnings of experimental psychology. The general approach of
letting participants make a choice and then asking them how certain they are
that their response was correct is still used by most studies focusing on percep-
tual decision making (Pleskac & Busemeyer, 2010; Fleming, Weil, Nagy, Dolan
& Rees, 2010; Koriat, 2011; Baranski & Petrusic, 1998), as well as value-based
choice (De Martino, Fleming, Garrett & Dolan, 2013). The focus of this thesis
is on confidence in being correct, studied in the context of perceptual decision-
making studies. Other lines of research in which metacognitive judgements
have been studied will furthermore be reviewed in the present section of this
chapter.

During behaviourism, introspective methods were heavily criticised due
to their subjective nature and hence measuring confidence lost its appeal for
most researchers. It was not until the late 1960s and early 1970s that re-
searches became interested in it again (Dunlosky & Metcalfe, 2009), especially
in the context of metacognition in memory, or metamemory. Both retrospect-
ive confidence judgements, for example confidence that a memory that had
just been retrieved is accurate, similar to the ones used in early confidence
studies, and prospective metacognitive judgements were used (for a review see

Dunlosky & Metcalfe, 2009): For example, judgements of learning (JOLs; Nel-

10
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son & Dunlosky, 1991; Vesonder & Voss, 1985) require participants to judge
how likely they are to remember a to-be-studied item when tested later. Re-
latedly, ease-of-learning judgements (EOL; Richardson & Erlebacher, 1958)
ask participants to predict which items are hard or easy to memorise, there-
fore measuring metacognition before acquisition of memory material. Other
retrospective judgements include feeling-of-knowing judgements (FOK; Hart,
1965), made when participants failed to remember an item and are then asked
to judge how confident they are that they would recognise the item if presented
with it alongside other items. Related to those judgements is the tip-of-tongue
phenomenon, which describes the participant’s introspective judgement of be-
ing close to recalling an answer without actually being able to remember the
item. Metamemory judgements have also been studied in the context of educa-
tional psychology, where it has been found, for example, that ease-of-learning
judgements predict how much study time is allocated to each item in self-
paced designs, that is more study time for items for which participants claim
to be less confident (Nelson & Leonesio, 1988). Taken together, research on
metamemory — both within the memory literature itself and in educational psy-
chology — constitutes an important line of research on metacognition, focusing
on how “knowledge about knowledge” is formed during acquisition, retention,
retrieval, and recognition, acknowledging the crucial role metamemory plays
in guiding behaviour. I return to this latter notion in Section 1.3.

Yet another line of research in which metacognitive processes have been
studied intensively is the literature on error monitoring. This line of research
started with the seminal research by Rabbitt and colleagues (Rabbitt, 1966,
2002; Rabbitt et al., 1978; Rabbitt & Rodgers, 1977), who investigated the
conditions under which people can detect and correct errors. Participants are

usually required to quickly respond to a visual stimulus and directly afterwards

11



Chapter 1

have to signal whether they believe that their response was correct or incor-
rect. Prominent theories of error detection assume that errors are detected by
means of a comparison of what would have been the correct response with the
actually performed one (Falkenstein, Hohnsbein, Hoormann & Blanke, 1990;
Coles, Scheffers & Holroyd, 2001). In the early 1990s, neural patterns charac-
teristic for errors and error awareness were observed in the human electroen-
cephalogram (EEG) for the first time (Falkenstein, Hohnsbein, Hoormann &
Blanke, 1991; Gehring, Goss, Coles, Meyer & Donchin, 1993) and have further
shed light on the underlying mechanisms of metacognition: Steinhauser and
Yeung (2010), for example, have found that one of these EEG correlates, the
error positivity (Pe), reflects the internal evidence accumulated in favour of
an error having occurred. Nieuwenhuis, Ridderinkhof, Blom, Band and Kok
(2001) had previously found that this component is more enhanced following
detected errors compared with errors than went undetected. Taken together,
apart from research focusing on psychophysics and memory, the error monit-
oring literature constitutes yet another line of research in which metacognitive
judgements — in this case usually binary error detection — have been studied
extensively. This line of research has furthermore focused on the underlying
neurophysiological mechanisms of the error detection process.

In addition to the already described lines of research, researchers focus-
ing on the underlying mechanism of consciousness and awareness also became
interested in metacognitive judgements. Confidence judgements were often
used as a means to decide between different theories of consciousness (Lau &
Rosenthal, 2011). The above-described retrospective confidence ratings have
been used in this line of research, as well as other methods, for example post-
decision wagering (PDW). PDW requires participants to first make a primary

decision and afterwards put a wager on the correctness of that decision. It is
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assumed that in the case of non-advantageous wagering (placing a low bet on
a correct answer), participants had no conscious representation of the correct-
ness of the primary answer. PDW is an indirect measure to assess confidence
and is often considered as a better option than confidence judgements because
it overcomes certain weaknesses (Persaud, McLeod & Cowey, 2007). Others
have argued, however, that this method is hardly more objective than a con-
fidence judgement, given that wagers are placed using a subjective response
criterion (Seth, Dienes, Cleeremans, Overgaard & Pessoa, 2008). In summary,
researchers interested in consciousness have used metacognitive judgements as
a tool to study visual awareness, using both explicit (confidence judgements)
and implicit (PDW) measures of confidence. This constitutes yet another line
of research on metacognition.

Similarly, researchers within the field of comparative psychology have
become interested in metacognition, asking whether animals experience meta-
cognitive states of mind similar to those humans experience (Kornell, 2009;
Terrace & Son, 2009; J. D. Smith, 2009; J. D. Smith, Shields & Washburn,
2003). Studies have found behaviour supporting the hypothesis of such meta-
cognition in rhesus monkeys (J. D. Smith, Shields, Schull & Washburn, 1997),
bottlenose dolphins (J. D. Smith et al., 1995), and rats (Foote & Crystal, 2007;
Kepecs & Mainen, 2012). Many of these studies used opt-out or uncertainty
paradigms: The animals usually perform a simple decision task and are rewar-
ded for correct responses. Instead of making a choice, however, they can also
choose to opt out of the current trial and wait for the next one. Usually, such an
opt-out, or uncertainty response, leads to a small, less desirable reward. These
studies show that the animals opted out more frequently on difficult trials —
trials which have a higher probability of being incorrect. These results led to

the interpretation that the animals chose the less desirable reward rather than

13
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risking an error, therefore being able to process their error likelihood, which
would constitute an example of metacognitive processing. In general, this ap-
proach assumes that animal behaviour that mimics the behaviour of humans
who give metacognitive reports of their actions should be interpreted as meta-
cognitive. However, paradigms that follow this approach have been heavily
criticised, mainly because the results elicited with such tasks can alternat-
ively be explained in terms of stimulus-response (S-R) connections between
difficult stimuli and opting out as an alternative response option (Carruthers,
2008; J. D. Smith, Beran, Couchman & Coutinho, 2008; Le Pelley, 2012). In
other words, animals might learn to associate a certain type of stimulus (more
difficult stimuli) with the uncertainty response — a strategy that maximises
reward. Critically, this explanation does not rely on the assumption that they
possess a subjective feeling of uncertainty similar to humans. However, this
critique does not apply to all comparative studies of metacognition (Hampton,
2001; for a review see J. D. Smith, 2009). For example, Kepecs and Mainen
(2012) have argued for an alternative approach to studying metacognition in
animals: Rather than classifying animal behaviour as metacognitive whenever
it mimics the behaviour of humans who have reported to act metacognitively,
they argued that instead we should search for evidence of neural signatures
that mimic the expected properties of a confidence signal. They found that
activity in the rat orbitofrontal cortex (OFC) provided precisely such a con-
fidence signal (Kepecs, Uchida, Zariwala & Mainen, 2008). Taken together,
metacognition in decision making has been studied in animals with mixed res-
ults as to whether or not they are capable of metacognitive processing. In
recent years, a new approach to study animal metacognition has been sugges-
ted by which neural correlates of confidence signals are studied rather than

behaviour that mimics that of humans. This approach, as well as more refined
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versions of the previous, behaviour-based studies could arguably circumvent
these problems. Whether or not animals are capable of metacognition remains
highly debated.

In conclusion, metacognition has been studied since the early days of
experimental psychology. The general method of letting participants rate their
confidence after making a perceptual choice is still used nowadays and will also
form the main method used in this thesis. Graded confidence judgements have
also been used in the memory literature. Moreover, several other metamemory
judgements, such as judgements of learning and feeling-of-knowing judgements
have been studied, each focusing on different stages in memory processing. Yet
another context in which metacognition has been studied is error monitoring.
In this line of research, participants are usually asked whether or not they think
they made an error, often using a binary scale. Researchers studying error mon-
itoring have furthermore used neurophysiological recordings to investigate the
underlying neural mechanisms that give rise to such error detection processes.
Moreover, another line of research originated in the consciousness literature. In
this context, metacognitive judgements have been used more as a tool — rather
than an object of study — to investigate visual awareness. All these different
strands of research have in common the conclusion that people are capable of
judging their own performance, often with astonishing accuracy. This finding
raises the question as to whether animals possess such insights as well. Two
different approaches have been used to study this question. The first assumes
that if an animal behaves as if it monitors its performance metacognitively, we
should assume that it possesses such metacognitive insights. More recently,
another approach has been used to study animal metacognition, searching in-
stead for neural correlates of uncertainty or confidence. The question as to

whether animals engage in metacognitive processing is still highly debated,
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though. Taken together, metacognition has been studied in many different
contexts. In this thesis, I focus on metacognition in perceptual decision mak-
ing, whilst capitalising on what has been discovered in the research on error
monitoring. More on how these two lines of research can be linked will be

outlined in the following section.

1.2 Linking research on decision confidence and
error detection

The previous section highlighted the fact that metacognition has been studied
in many different lines of research. Here, I argue that two of these lines — focus-
ing on confidence in perceptual decision making and error monitoring — should
be linked. These lines of research use highly similar methods: In both cases,
participants first make a perceptual decision and are asked for a metacognitive
rating after every choice they make. In case of confidence judgements, parti-
cipants are usually required to judge the likelihood that their previous choice
was correct, using a graded scale. In case of error detection, however, par-
ticipants usually have to judge whether or not they responded incorrectly in
their previous choice, using a binary scale. Despite these striking similarities,
error monitoring and confidence judgements have rarely been linked (Yeung
& Summerfield, 2012, 2014; but see also Fernandez-Duque, Baird & Posner,
2000).

Despite the many similarities the two lines share in their methodo-
logical approaches, there is little compatibility between theories proposed in
the respective research literatures. For example, theories of error monitoring
can explain why people sometimes say with high certainty that a just-given re-

sponse was incorrect. These types of trials cannot be explained by most models
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of decision confidence, which always calculate confidence relative to the choice
made, therefore not being able to account for such changes of mind (Vickers
& Packer, 1982; Kiani et al., 2014). On the other hand, error detection is usu-
ally looked upon as being all-or-none (Charles, Van Opstal, Marti & Dehaene,
2013), while confidence is treated as a continuous variable (Fetsch, Kiani, New-
some & Shadlen, 2014). Taken together, the two lines of research have rarely
been linked theoretically, even though such a link could be worthwhile given
their different strengths and weaknesses.

Moreover, these lines of research are similarly discrepant with regard
to the neural systems that have been studied. Error monitoring research has
mainly studied the involvement of the medial prefrontal cortex (PFC), com-
monly focussing on the anterior cingulate cortex (ACC). It has often been as-
sumed that the medial PFC monitors for errors and cognitive conflict, passing
this information on to lateral PFC, which is then in turn able to execute
cognitive control (Yeung, 2013; Egner & Hirsch, 2005). In this context, two
components of error processing have been studied using EEG and magneto-
encephalography (MEG) recordings (Falkenstein et al., 1991; Gehring et al.,
1993; Steinhauser & Yeung, 2010; Nieuwenhuis et al., 2001; Van Veen & Carter,
2002; Botvinick, Cohen & Carter, 2004) — the error-related negativity (ERN)
and the Pe, the latter of which has already been mentioned above.

Research on confidence, on the other hand, has focused on more an-
terior and lateral areas of the PFC (Chua, Pergolizzi & Weintraub, 2014;
Fleming & Dolan, 2014). Yokoyama et al. (2010), for example, compared
a confidence rating task to a brightness discrimination task that was construc-
ted to be as similar as possible to the confidence rating condition. Using
neuroimaging techniques, the authors identified the right frontopolar cortex

in the PFC (area BA10) as crucially involved in confidence judgements. Re-
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latedly, in a study by De Martino et al. (2013), participants decided which of
two snack items they preferred, as well as rating their confidence in this choice.
Ventromedial PFC tracked both the difference in subjective value between the
snack items, as well as confidence. The results furthermore suggested that
activity in the right rostrolateral PFC was also modulated by confidence, but
not by value. This result was interpreted by the authors as confidence being
‘read out’ by the right rostrolateral PFC. This interpretation also matches
findings from a previous study by Fleming, Huijgen and Dolan (2012), who
suggested that the right rostrolateral PFC receives input from other brain re-
gions to signal uncertainty associated with the decision. These uncertainty
signals, they argue, can then be integrated in the right rostrolateral PFC to
form metacognitive reports. The role of the right rostrolateral PFC was also
highlighted in a structural neuroimaging study by Fleming et al. (2010), who
found that grey matter volume in BA10 correlated positively with how well
participants’ confidence ratings reflected their performance in a psychophysical
task. Furthermore, Rounis, Maniscalco, Rothwell, Passingham and Lau (2010)
conducted a study in which activity in the dorsolateral PFC was depressed us-
ing transcranial magnetic stimulation (TMS), which impaired metacognitive
performance whilst not affecting first-order performance.

Taken together, despite using similar methodological approaches, there
is little compatibility between current theories of confidence and error detec-
tion. Empirical findings with regard to the neural bases of these judgements
are similarly discrepant: Studies focusing on the neural underpinnings of error
detection judgements have usually investigated the role of the medial PFC, es-
pecially the ACC. Confidence judgements, on the other hand, have been linked
to the more anterior and lateral areas of the PFC. Here, I test whether those

different forms of judgements constitute different forms of the same underly-
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ing metacognitive process. It is beyond the scope of this thesis to resolve the
question of the precise anatomical networks involved in the formation of these
different metacognitive judgements. Instead, I aim to compare the different
neurophysiological patterns associated with these types of judgements using
multivariate pattern classification techniques, testing the hypothesis that er-
ror detection and confidence give rise to highly similar patterns of activity in
the EEG. A first research question, which I address with this thesis therefore

becomes

Conceptual Question 1: Are error detection and confidence

judgements two sides of the same coin?

1.3 Interaction of metacognition and behaviour

In the previous section, I have already mentioned that research on error de-
tection has often suggested that information about the likelihood of an error
is communicated by the medial PFC to lateral PFC, which is then in turn
able to execute cognitive control (Yeung, 2013; Egner & Hirsch, 2005). This
hypothesis suggests that metacognition might play a crucial role in cognitive
control, as has previously been suggested (Yeung & Summerfield, 2012, 2014;
Fernandez-Duque et al., 2000). Consistent with this notion, Shea et al. (2014)
have recently defined metacognition as “control processes that make use of one
or more metacognitive representations” (p. 187). This suggests that one of
the key reasons metacognition is worthwhile studying is the fact that such
self-directed evaluations not only reflect information regarding the previous
decisions but can also influence future decisions. Indeed, Koriat (2011) pro-
posed a list of key questions on metacognition, including the question “what

are these [measurable effects on cognition and behaviour| effects, and how do
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they influence actual performance” (p. 117).

Little work has been done on this question in the context of perceptual
decision confidence, with most studies being conducted on the role of confi-
dence in group decision making. Bahrami et al. (2010), for example, tested
the hypothesis that when participants make joint perceptual decisions they
will discuss how confident they each think they are with regard to their own
opinion, which in turn makes the joint judgement more accurate. This strategy
allows them to weight the influence of each member of the group by the level
of confidence expressed, discounting those who report low confidence. The role
of confidence has furthermore been highlighted in social interactions in which
one member of the group or dyad has an advantage in knowledge, so-called
Judge-Advisor Systems (JAS). In a study by Sniezek and Van Swol (2001), ad-
visors made recommendations to judges while also expressing their confidence
in their statements. Judges trusted this advice more if made with high con-
fidence. This finding makes sense if we consider that highly confident choices
are also more likely to be accurate. Moreover, shared confidence also plays
an important role in the context of eyewitness data. Research has shown that
juries often determine whether or not witness testimony ought to be trusted
by taking the witness’s confidence into account, judging more confident wit-
nesses as more credible (Wells, Lindsay & Ferguson, 1979; Wells, Ferguson &
Lindsay, 1981; Tenney, MacCoun, Spellman & Hastie, 2007). Taken together,
all of these findings suggest that people are sensitive to the level of confidence
expressed by others and that they tend to weight the opinions of others by
this evidence, thereby discounting the influence of others who express to be
uncertain.

In a related field, error monitoring, the use of this metacognitive in-

formation has also been a critical point. One instance of metacognitive control
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that has been studied extensively is post-error slowing (PES): It has often
been observed that people tend to be slower after making an error (Dutilh et
al., 2012; Rabbitt & Rodgers, 1977; Rabbitt, 1966; Laming, 1979). Different
interpretations for this effect have been proposed (e.g., Jentzsch & Dudschig,
2009; Danielmeier & Ullsperger, 2011). Notebaert et al. (2009), for instance,
have suggested that participants are slower after committing an error because
errors are infrequent and therefore trigger an orienting response. Dutilh, Forst-
mann, Vandekerckhove and Wagenmakers (2013), on the other hand, explained
post-error slowing from the perspective of an evidence accumulation model,
suggesting that participants increase their decision threshold after respond-
ing incorrectly, therefore requiring more absolute accumulated information for
triggering a response, which in turn leads to increased response, or reaction
times (RTs). Post-error slowing has been observed even when participants were
not aware of their errors: Logan and Crump (2010), for example, conducted
a study in which participants had to type words presented on screen. On a
proportion of trials, visual feedback was manipulated so that the word they
typed presented on screen was either corrected if they had made an error, or
errors were introduced to make participants believe that they had committed
a mistake. Critically, even though participants accepted those introduced er-
rors as their own, post-error slowing was not found after these trials. Instead,
people slowed down after ‘real’ errors, as well as errors that had been corrected
by the computer. The authors explain these effects in terms of two hierarch-
ical control loops with different feedback mechanisms: The internal control
loop detects errors and produces post-error slowing, while the outer control
loop produces explicit reports of errors. Inserted errors are never classified as
mistakes in the inner loop, therefore they do not trigger post-error slowing.

Furthermore, also relevant in this context are studies on the impact
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of object-level uncertainty on cognitive processing. Object-level uncertainty
refers to an imprecision that can occur at any level of cognitive processing
(Bach & Dolan, 2012), in other words noise inherent in the cognitive pro-
cesses or representations rather than evaluative, re-interpreted meta-level un-
certainty. For example, risk or expected uncertainty describe any imprecision
in the representation of a probabilistic outcome. Such outcome uncertainty
has been found to affect participants’ likelihood to explore rather than exploit
known choice alternatives: In recent studies by Frank, Doll, Oas-Terpstra and
Moreno (2009) and Badre, Doll, Long and Frank (2012), participants have been
found to track the uncertainty of an option and to then use this information
to guide exploration. More precisely, they decide to explore the environment
whenever a large amount of information could be gained by exploring that
particular option. Uncertainty in an environment also influences learning, as
shown by Behrens, Woolrich, Walton and Rushworth (2007). The authors
let participants complete a one-armed bandit task in which outcome probab-
ilities of two choice options had to be tracked over time. Participants were
found to take into account uncertainty in the environment when making their
choices, discounting new evidence that was produced during volatile periods
as opposed to stable periods, as could be expected from a Bayesian optimal
observer. Taken together, object-level uncertainty has been shown to affect
future behaviour in ways that might be relevant for the study of metacognitive
uncertainty and guide future research on this topic.

In metamemory, too, the use of metacognitive judgements seems to
be critical. For example, Nelson and Leonesio (1988) conducted a study in
which participants gave both ease-of-learning (EOL) and feeling-of-knowing
judgements in a self-paced learning task. The lower their judgements were

— particularly their ease-of-learning judgements — the more study time was
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allocated to respective items, consistent with the “monitoring-affects control
hypothesis”. If metacognitive insight is beneficial in educational contexts then
intervention methods should aim at training students to develop such skills.
Indeed, such attempts have been made in the educational literature. One
such method is the joker-word method applied in spelling and writing training
(Spitta, 2011), where pupils are encouraged to choose and highlight one word
in a dictation test when they are uncertain how it is spelled. If this word is
indeed misspelled, the teacher will not count the mistake towards the final
grade, which presumably trains students to monitor their own likelihood of
misspelling words. Yet another example in which students’ metacognitive in-
sight is encouraged can be found in the context of choir singing. It is common
practice that singers upon noticing that they sang a wrong note, raise their
hands to signal to the director that they are aware of their error (De Quadros,
2012). The choir director can then use this error-detection signal, either choos-
ing to continue the rehearsal without interruption — especially when the error
was signalled by a particularly strong singer who can be trusted to correct his
or her mistake without help — or intervene and repeat the part in question.
Together, these examples suggest that metacognitive signals play an important
role in learning by guiding students’ attention to areas the have not yet fully
grasped and by improving student-teacher interactions.

Taken together, in the present section, I reviewed findings on how con-
fidence judgements are utilised. Most of these findings focus on the role of
confidence in joint decision making or learning, while this question has been
largely understudied in the context of cognitive psychology — with the excep-
tion of how (binary) error detection leads to post-error slowing. In this thesis,
I therefore ask how graded confidence judgements are utilised to enhance cog-

nitive control, more precisely by asking if they modulate information seeking.
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The general notion would be that metacognitive signals can serve as an internal
proxy of feedback to the participant, especially when external feedback is not
present or unreliable. Thus, whenever participants are uncertain whether or
not they committed an error in the previous response, and would presumably
state that they were merely guessing if asked to rate their confidence, external
feedback should be the most valuable and participants should be expected to
pay close attention to it.

To my knowledge, this question has not been studied in a decision-
making context, but interesting findings exist in the literature on educational
psychology. Kulhavy and Stock (1989), for example, found that participants
spent more time studying feedback when there was a mismatch between their
perceived accuracy (confidence) and their objective accuracy, as conveyed by
feedback. This findings provides support for their certitude model, according
to which time spend studying elaborated feedback in a learning task depends
on confidence or rather a matching process between metacognitive insight and
external feedback. The authors did not study the case of sure errors, though,
as these were unlikely to occur in their design. I therefore designed a task in
which participants would use the entire confidence scale reaching from sure
errors to sure corrects. The second research question addressed in this thesis

therefore becomes

Conceptual Question 2: How does confidence affect attention

to feedback?

1.4 How metacognitive judgements are generated

In the previous sections, I have discussed both how metacognitive judgements

are used to exert cognitive control, and how different types of judgements arise
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from the same metacognitive processes — without making strong assumptions
as to how confidence judgements are formed. How metacognitive judgements
are generated will therefore be the focus of the present section.

Within research on metamemory, the question of whether metacogni-
tion relies on direct access to the memory trace or cues and heuristics has
generated significant debate (Schwartz, 1994; Koriat, 2012). For instance, dif-
ferent theories have been proposed as to how feeling-of-knowing judgements are
formed: Hart (1965) suggested that they arise from an internal monitor, which
can tell whether or not a memory can be retrieved, similar to an inventory list.
This theoretic account of feeling-of-knowing judgements constitutes a direct-
access model because people base their judgement directly on the presence (or
strength) of the memory trace. Most other theories of this phenomenon, how-
ever, instead assume a heuristics-, cue-based, or inferential approach. Koriat
(1993), for example, suggested that feeling-of-knowing judgements are based on
how much information is accessible during the retrieval process. This assump-
tion differs from Hart’s model in the sense that it does not rely on an internal
monitor with privileged access to the memory trace itself, but is instead based
on information that arises as a by-product from the retrieval process itself. Ac-
cessibility does not necessarily refer to correctly retrieved information. In fact,
Koriat (1993) found that when participants studied strings of random letters,
feeling-of-knowing judgements were based on how many letters participants
recalled, regardless of whether they were correctly or incorrectly recalled.

Another heuristics-based model was proposed by Reder and Ritter
(1992). The authors found that participants’s feeling-of-knowing judgements
were affected by the familiarity of a question: Participants had to solve simple
arithmetic tasks (e.g., 18 x 37 =7?), choosing whether they would retrieve the

answer from memory or calculate it. Retrieval of the answer yielded much
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higher rewards but much more time was granted for calculation. Participants’
judgements as to whether or not they would have to calculate the answer (i.e.,
their feeling-of-knowing judgement) predicted retrieval performance, suggest-
ing that they had good metacognitive insight. As a critical manipulation, the
authors included tasks in the test set that had not been studied previously but
were very similar (e.g., 18 + 37 =7). The more frequently the original oper-
and pair that formed the new task had been shown previously, the more likely
participants were to choose to retrieve their answer rather than calculate it. It
can therefore be argued that familiarity influences the strength of participants’
feeling-of-knowing judgements.

In conclusion, different theories to explain the formation of meta-
memory judgements have been proposed. Some of these theories assume direct
access to memory contents, whereas most theories have proposed a heuristics-
based view according to which metamemory judgements are influenced by cues
such as familiarity or accessibility of the studied material. Many such theor-
ies suggested that multiple cues and situational circumstances contribute to
metacognition. For example, the time point at which the confidence judge-
ments were triggered (e.g., during a study or test phase in a memory task)
can change which cues contribute towards the final confidence judgement in a
specific task (Schwartz, 1994).

In the decision-making literature, there has been less debate regarding
those two classes of models. Most models assume a version of direct access,
suggesting that confidence judgements rely on the same information as the
decision itself. The balance-of-evidence model (Vickers & Packer, 1982; Van
Zandt & Maldonado-Molina, 2004; Kiani et al., 2014; De Martino et al., 2013),
for example, assumes that confidence is a function of the final states of the

evidence counters at the time of the decision. Two examples are shown in
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Figure 2, continuing the previous example of choosing a car model. If the
losing counter had accumulated almost as much evidence as the winning one,
then the decision would be made with low confidence (upper panel of Figure 2).
If however the winning counter had accumulated significantly more information
at the time of the decision, then the decision is made with high confidence, as
presented in the lower panel of Figure 2.

While most research has assumed that decision confidence relies on dir-
ect access to the internally accumulated information of the primary decision,
there has still been a lively debate about the time point at which this inform-
ation is read out (Gherman & Philiastides, 2014; Baranski & Petrusic, 1998;
Yeung & Summerfield, 2012, 2014). The original balance-of-evidence model,
for instance, assumes that confidence is based on the difference between the two
counters at the time of the decision (Vickers & Packer, 1982). These models
therefore assume a decisional locus of confidence. In contrast, a balance-of-
evidence model proposed by Van Zandt and Maldonado-Molina (2004) assumes
that evidence continues to accumulate after the decision threshold has been
reached, up until the time at which the confidence judgement is made. This
model therefore constitutes an example of a post-decisional locus model. These
two classes of models will furthermore be reviewed in the next section of this
chapter.

However, there have been some competing views to the assumption
that decision confidence is based on direct access. One prominent example of
a heuristics-based model that has been studied in detail is the time heuristic.
According to this model, faster responses should be judged as more confident
(Audley, 1960; Moreno-Bote, 2010; Zylberberg, Barttfeld & Sigman, 2012).
Hanks, Mazurek, Kiani, Hopp and Shadlen (2011) have recently suggested

that the elapsed time might serve as a useful proxy for how reliable the ac-

27



Chapter 1

Low-confidence
/ Choice

Mini Cooper
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Choice

Balance of
Evidence

Figure 2: Two example trials in which confidence is based on a balance-of-
evidence mechanism, that is the difference in accumulated evidence between
the two counters. The upper panel depicts a low-confidence trial in which
the participant chose the Vauxhall Corsa (red counter), but the counter for
the Mini Cooper (blue counter) had accumulated almost as much evidence,
leading to a low balance of evidence. The lower panel shows an example in
which there was significantly less evidence in favour of the Mini Cooper, leading
to a large balance of evidence and therefore high confidence that the decision
was the correct one.
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cumulated evidence is. The time heuristic exploits the regularity of slower
errors compared to faster correct responses — a pattern that is found in many
situations and tasks. This is due to the fact that such errors are caused by a
low rate in the accumulation of evidence (unreliable evidence), meaning that
the random fluctuations in the accumulation process might govern the de-
cision, leading to a substantial number of errors. In such situations, the time
heuristic would lead to well-calibrated confidence judgements. However, many
tasks — especially when speed is stressed over accuracy — exhibit faster errors
compared to correct responses (Scheffers & Coles, 2000). The time heuristic
does not provide a valid cue for metacognition in those situations. In addition
to RT, I consider whether reliability of evidence also contributes towards how
confident participants judge their decisions, as has been previously suggested
by Yeung and Summerfield (2014, 2012), as well as Irwin, Smith and Mayfield
(1956) and Zylberberg, Roelfsema and Sigman (2014). This makes sense if we
consider decision making from a Bayesian perspective, according to which the
decision maker should be able to take into account the reliability of a source
before integrating information collected from that source.

Evidence reliability as a cue to metacognition has been considered pre-
viously, especially by researchers who assumed a drift diffusion model (DDM)
framework, as shown in Figure 3. In this class of sequential-sampling mod-
els, participants are assumed to accumulate evidence in one single counter
that tracks the difference in evidence for two choice options (Ratcliff, 1978;
P. L. Smith & Ratcliff, 2004) — not in two separate counters as in all pre-
viously discussed examples. Evidence accumulation stops when the amount
of evidence exceeds one of the two absorbing boundaries that represent the
choice options, arranged above and below a starting point. Evidence reliabil-

ity or information quality in such a model would be represented by the rate at
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which evidence is accumulated. A highly reliable source of evidence — such as
a road sign perceived in clear weather conditions — is associated with a high
mean accumulation rate, or drift rate, whereas reading the same road sign in
a heavy snow storm results in a lower drift rate and the evidence accumula-
tion process being more governed by noise. Information quantity, on the other
hand, is the total amount of evidence calculated by the evidence counter. A
model which assumes that decision confidence is based on this information
quantity would per definition predict that confidence is precisely the same on
every trial, because on each trial evidence is accumulated to the same fixed
threshold (Yeung & Summerfield, 2012). Instead, combinations of information
quantity and information quality have been suggested to form the basis of
confidence. Pleskac and Busemeyer (2010), who refer to this combination as
Peirce’s model (Peirce & Jastrow, 1884), proposed a computational model in
which decision confidence relies on this combination of parameters. Their two-
stage dynamic signal detection (2DSD) model extends the standard diffusion
model framework by a post-decision phase during which participants continue
to accumulate evidence until their confidence judgement. The model provided
a good fit to empirical first-order decisions (both accuracy and RTs), as well as
confidence judgements for different tasks. Taken together, there is a great deal
of research to suggest that evidence reliability affects confidence judgements.
This parameter will therefore be considered in this thesis as one of the cues
that determine confidence judgements, using a colour-judgement paradigm by
De Gardelle and Summerfield (2011) that allows me to directly manipulate
evidence reliability orthogonally to other proposed confidence cues!.

In conclusion, whereas there has been a lively debate in the meta-

memory literature as to whether confidence is based on direct access or heur-

Here, I will understand cues as internal sources on which metacognitive judgements are
based, which can be both direct-access or heuristics-based.
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Choice Option A

Starting

Choice Option B

Figure 3: Schematic, simplified example of a trial in a drift-diffusion model
(DDM). Noisy evidence is accumulated over time, shown on the x-axis. Two
absorbing boundaries lie equidistant to an unbiased starting point, represent-
ing the two options. The evidence counter therefore tracks the difference in
evidence for the two choice options. The decision is terminated when the
counter reaches one of the boundaries, in this case the upper boundary, there-
fore choosing option A.
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istics, this question has not received much discussion in the context of decision
confidence. Most commonly, a version of a direct-access model is implicitly
assumed, with the exception of the time heuristic — a heuristics-based account
of decision confidence. I am therefore going to propose and test different cues
— both direct-access and heuristics-based — on which decision confidence could
be based internally, for example evidence reliability, which I aim to manipulate
independently of evidence strength in my experiments. In the context of this
question, I furthermore ask whether individual differences exist in the use of
such different confidence cues, for instance in the context of clinical popula-
tions: Patients diagnosed with depression have previously been observed to be
better at ignoring irrelevant information (Ahveninen et al., 2002; Schmitt et
al., 2000). Highly unreliable stimuli contain much of such irrelevant informa-
tion that should be ignored to efficiently and effectively process the stimulus.
Such findings raise the question whether patients with depression also show
differences in their use of evidence reliability as a cue to decision confidence.
I test this question in this thesis using reductions in the levels of serotonin —
a neurotransmitter that has been shown to play a key role in clinical depres-
sion — to model depression in healthy participants. Taken together, the third

research question of this thesis therefore becomes

Conceptual Question 3: Which cues contribute to the form-
ation of metacognitive judgements and are there inter-individual

differences in the use of such cues?
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1.5 Potential difficulties arise when measuring
metacognition

This section will discuss the fourth and final research question of this thesis.
While the previous three questions have focused mainly on the theoretical back-
ground of metacognition in decision making, the focus is now shifted towards
more methodological issues that arise when decision confidence is measured.
To address the research questions previously outlined in this chapter, the de-
velopment of a suitable confidence paradigm is necessary. This question is
by no means trivial. For instance, as mentioned above, metacognition in de-
cision making has been studied in different lines of research, which have used
somewhat different ways of measuring metacognitive judgements. While in
the context of error monitoring studies, error detection has commonly been
assessed using binary scales (error versus correct), decision confidence is usu-
ally measured on graded scales ranging from guessing to high confidence. For
example, the scale used by Wierzchon, Paulewicz, Asanowicz, Timmermans
and Cleeremans (2014) included four categories: “guessing”, “not confident”,
“quite confident”, and “very confident”. The question therefore arises as to
which scale is optimal in the sense that it provides the researcher with fine-
grained confidence ratings while not imposing unnecessary processing load on
the participant.

While — to my knowledge — no explicit guidelines exist as to how to
measure decision confidence, there have been several attempts at formulat-
ing such guidelines elsewhere. For instance, in the context of consciousness
research, Overgaard and Sandberg (2014) have discussed and contrasted dif-
ferent scales (see also Seth et al., 2008; Reingold & Merikle, 1988; Sandberg,
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Timmermans, Overgaard & Cleeremans, 2010), often comparing them to other
measures of awareness. Using an artificial grammar learning paradigm, Tun-
ney and colleagues (Tunney, 2012; Tunney & Shanks, 2003) suggested that
only binary scales were sensitive enough to detect differences in participants’
awareness of grammatical rules. On the other hand, evidence exists that sug-
gests that participants are capable of making such finer-grained judgements
— critically without additional processing costs. For instance, findings from a
study by Dienes (2008) — also using an artificial grammar learning task — sug-
gest that participants were just as accurate when using binary as when using
continuous scales.

Another facet of the question as to how metacognitive judgements
should best be collected concerns the precise timing of metacognitive judge-
ments. In the previous section, I have already introduced two competing mod-
els — the decisional-locus model and the post-decisional locus model (Yeung &
Summerfield, 2014, 2012). While the former assumes that decision confidence
is based evidence at the time of the primary decision, the latter one sug-
gests that evidence accumulation continues until the confidence judgement is
made, including therefore also evidence that did not contribute to the primary
decision. For example, the 2DSD model by Pleskac and Busemeyer (2010)
constitutes a post-decisional locus model: First- and second-order processes
are simulated by the same evidence accumulation process, but within two con-
secutive processing stages: a first decision stage, and a second post-decision
stage, which gives rise to the metacognitive judgement. Many influential mod-
els of error monitoring also assume that the intended response is compared
to the actually performed one and an error is signalled when there is a mis-
match between the two (Falkenstein et al., 1991; Gehring et al., 1993; Coles

et al., 2001). These models are capable of simulating situations in which
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the participant changed their mind, which is one of the main advantage of
post-decisional locus models. Such changes of mind are especially common in
decision-making paradigms in which speed pressure is imposed and where par-
ticipants become aware of a large proportion of their mistakes. Such mistakes
have been labelled premature responses by Scheffers and Coles (2000), who
contrasted them with errors due to data limitation, that is errors that would
have happened even if participants had been given unlimited time to respond
due to the difficulty of the task.

The decisional-locus model and the post-decisional locus model are by
no means mutually exclusive. In fact, Baranski and Petrusic (1998) suggested
that participants form their confidence judgements at the time of the decision if
they were granted enough time to make this decision. However, if primary-task
responses are speeded, the locus of metacognitive judgements is shifted more
towards post-decision processing modes. The latter finding is particularly cru-
cial for the measurement of decision confidence: To permit planned contrasts
of various dependent variables on correct versus error trials, participants need
to commit a sufficient numbers of errors. This can be achieved by imposing
speed stress, as it was done for the experiments reported in the present thesis.
Baranski and Petrusic (1998) would therefore predict that decision confidence
will mainly be formed at a post-decisional locus here. This prediction affects
the optimal timing of confident measurements: Increasing the time window
between primary response and confidence judgement should give participants
a higher chance of correcting initial mistakes. This follows from the fact that
evaluating more as opposed to fewer evidence samples reduces the noise in the
averages on which both choice and confidence are based. To my knowledge,
nobody has ever addressed the question as to where the optimal time window

for collecting confidence judgements lies, but attempts to specify windows of
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high metacognitive insight have been made in the metamemory literature.
Judgements of learning, for instance, have been found to more accurately pre-
dict memory performance when they are made a few seconds or minutes after
having learned the pair association compared to judgements made immedi-
ately after having learned the association (the “delayed-JOL effect”; Nelson
& Dunlosky, 1991). T therefore address the question of the precise timing of
confidence judgements in this thesis.

In addition to the two discussed methodological issues — regarding the
metacognitive scale and the precise timing of the measurement of confidence
ratings — there is a third methodological question that I address: whether
metacognitive monitoring is distinct from first-order decision processes. In
other words, metacognition could depend on the same internal processes as
the primary decision or could resort to entirely different processes. Some
neuroimaging evidence exists in support of the claim that they rely on the
same processes. For example, Kiani and Shadlen (2009) concluded from an
opt-out task with monkeys that decision confidence together with the choice
itself are represented by neurons in the lateral intraparietal cortex (LIP). This
notion was furthermore supported by Fetsch et al. (2014), who reported that
microstimulation to motion-sensitive neurons in visual cortex changed both
motion perception and opt-out behaviour regarding these perceptions in a
consistent way, suggesting that both responses arise from the same underlying
processes. Moreover, Gherman and Philiastides (2014) reported evidence from
an opt-out study in support of the hypothesis that decision confidence relies
on the same internal processes as the decision itself: EEG activity related to
decision confidence arose around the time at which the decision emerged, and
was related to the same neural sources. Similarly, De Martino et al. (2013) —

as previously discussed — have provided evidence that the ventromedial PFC
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represents both value and confidence. However, at the same time, the authors
also found confidence to be represented in right rostrolateral PFC, interpreting
this finding as a metacognitive ‘read-out’ of first-order uncertainty with regard
to the calculation of value. Such a ‘read-out’ would mean that even though
decisions and uncertainty related to these decisions might be represented by
the same neural processes, what we measure with confidence judgements in hu-
mans is a re-interpreted version of this uncertainty, also taking other sources
of uncertainties and confidence cues such as familiarity or fluency into account
(see previous Section 1.4).

Assuming such a ‘read-out’ would also explain why many studies have
found evidence for dissociable mechanisms: Rounis et al. (2010), for instance as
previously mentioned, depressed dorsolateral PFC activity using TMS, leading
to impairments in metacognitive performance whilst not affecting first-order
performance. Rahnev, Maniscalco, Luber, Lau and Lisanby (2012) also used
TMS to depress activity in the visual cortex, leading to impaired first-order per-
formance, whilst counterintuitively resulting in overall increases in confidence.
Moreover, Overgaard, Koivisto, Sgrensen, Vangkilde and Revonsuo (2006) sug-
gested that whether or not participants had to judge a visual stimulus with re-
gard to its identity (first-order judgement) or visual awareness (metacognitive
judgement) was reflected in several event-related potentials (ERPs) — a finding
which led the authors to conclude that first-order representations are qualit-
atively different from metacognitive processes (also discussed in Overgaard
& Sandberg, 2014, 2012). Chua et al. (2014) furthermore recently discussed
neuropsychological studies which found a dissociation between metamemory
judgements and primary memory processes. Taken together, there is ongo-
ing debate as to whether metacognitive monitoring is distinct from first-order

decision processes, including ‘hybrid models’ that assume that confidence is
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based at least to some extent on ‘read-out’ first-order uncertainty:.

Whether metacognitive monitoring arises from the decision process it-
self or not can be expected to have critical effects on the measurement of
confidence: If making a choice and judging one’s confidence are fundamentally
different processes, then we should expect to find that rating confidence im-
pairs task performance, similar to switch costs in the domain of task-switching
studies (Monsell, 2003). In this thesis, I therefore test whether such switch-
costs can be found in confidence designs and qualify their severity.

In conclusion, for the precise study of metacognitive processes, design
of an optimal decision paradigm for measuring confidence is necessary. To
my knowledge, no carefully constructed methodological guidelines as to how
to study decision confidence have been proposed. I therefore report findings
from several experiments in this thesis — focusing on confidence scales, timing
specifics, and potential task-switching effects — that could form a first step to-
wards such guidelines. Such explicit guidelines could potentially advise future
researchers on how to design studies so that they minimise possible confounds
and create optimal conditions in which the participants are able to demon-
strate maximal metacognitive accuracy given a certain level of performance.

The fourth research question studied in this thesis is therefore

Methodological Research Question: How should paradigms to
study metacognition be designed to guarantee the highest level of

experimental control?

1.6 Thesis outline

Reflecting on one’s own thoughts is an essential ability. Without this ability,

learning and adapting to an ever-changing environment would be difficult. In
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this thesis, I investigate metacognition in decision making, asking three con-
ceptual research questions together with a more methodologically motivated
question, which have been outlined in the previous sections. Given that the
methodological research question is an important precursor to all other ques-
tions, I first focus on this topic before addressing more conceptual issues.

In Chapter 2, I first focus on my Methodological Research Ques-
tion, asking how best to design an experiment to study such metacognitive
judgements. EXPERIMENT 1 tests the suitability of a perceptual decision-
making task and compares different types of confidence scales. EXPERIMENT
2 then focuses on the precise timing of the assessment of confidence, that is how
quickly after a response participants should be asked to rate their confidence.
EXPERIMENT 3 tests whether asking participants to evaluate their perform-
ance leads to impaired first-order performance, similar to the idea of switch
costs caused by alternating between the perceptual decision and the confidence
judgement. As well as providing preliminary evidence on some key theoretical
questions — such as the relationship between confidence judgments and error
monitoring — the results from this chapter serve to provide methodological
guidelines for the remaining chapters.

Chapter 3 addresses Conceptual Question 1: How can two lines of
research — focused on graded confidence judgements and binary error detection
respectively — be linked? This question is particularly interesting given that
they have been studied largely separately. EXPERIMENT 4 focuses on the
question of whether well-characterised error-related EEG activity also varies
with confidence, which would speak in favour of the hypothesis that error
detection (as studied with these ERPs) and confidence are really two sides of
the same coin. To foreshadow the results, such an overlap in the underlying

neural mechanisms was indeed found and in this thesis, I therefore use the
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terms metacognition, confidence, error detection, error awareness, subjectively
judged accuracy, or type-II judgements interchangeably?. The second part of
Chapter 3 then introduces a computational model which is used to explore the
hypothesis that confidence and error detection arise from the same internal
metacognitive processes. This model can be regarded as an exemplification of
what my previously discussed results have suggested regarding the formation
of metacognition — a question, which will furthermore be studied in Chapter 5.

In Chapter 4, I then focus on Conceptual Question 2: How confi-
dence judgements are used internally once they are formed. More specifically,
I investigate how confidence and certainty affect attention to feedback. In Ex-
PERIMENT 5, I test the hypothesis that participants will pay closest attention
to feedback when they are uncertain about the correctness of their decisions,
that is when they can only guess whether their given response was correct or
incorrect. A challenge of this research is to assess confidence in a way that does
not disrupt task performance and assessment of feedback. I address this is-
sue using EEG methods to measure confidence without requiring explicit (and
potentially disruptive) confidence judgments on each trial.

The final empirical chapter is Chapter 5, where I address Conceptual
Question 3: Which cues contribute to the formation of metacognitive judge-
ments. As previously discussed, I expect evidence reliability to be a prominent
cue to how confident participants judge their responses, but I also test the influ-
ence of other cues, such as RT and evidence strength, suggesting that multiple
cues and signals contribute to metacognitive ratings that are expressed by par-
ticipants in these types of tasks. EXPERIMENT 6 tests this general hypothesis

using a different perceptual decision-making paradigm compared to the previ-

2T define low confidence as a sure error. 1 furthermore refer to certainty as a dimension
enclosed within the confidence or error detection dimension, with low certainty referring to
states of guessing, that is the midpoint of the confidence scale, and high certainty referring
to either sure corrects or sure errors.
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ous experiments, one that allows independent manipulation of both evidence
strength and evidence reliability of the stimulus. I therefore used a paradigm
similar to the one developed by De Gardelle and Summerfield (2011), in which
participants had to judge whether an array of coloured shapes was on average
more red or more blue. Evidence reliability in this task is manipulated by
changing the variance in the coloured shapes of which the stimuli are com-
posed. EXPERIMENT 7 then tests this hypothesis in a clinical context, using
acute tryptophan depletion (ATD) as a means to lower serotonin levels — and
therefore induce depression-like symptoms — in healthy participants. I test the
prediction that tryptophan-depleted participants will show differences in the
influence of evidence reliability on their confidence judgements. Finally, EX-
PERIMENT 8 focuses on the neurophysiological underpinnings of the different
influences of evidence reliability and evidence strength on confidence.
Chapter 6 presents a general discussion of the experiments of this
thesis. In this chapter, I draw together conclusions and implications from the
previous empirical chapters, discuss limitations and propose future avenues to

explore in the context of metacognition in decision making.

1.7 Measurement of metacognitive judgements

For the purpose of clarity, when referring to confidence judgements in this
thesis, only second-order confidence is meant as opposed to first-order confi-
dence. Such first-order confidence is often used in memory studies, meaning
that confidence is assessed together with the first-order decision (e.g.; Ratcliff,
McKoon & Tindall, 1994). This means instead of first making a binary de-
cision and then a confidence judgement, participants make both ratings to-

gether, often on a scale ranging from sure old to sure mew in recognition
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memory paradigms. However, according to the operationalised definition of
metacognition (“behaviour about behaviour”) the former type of judgements
(type-1 confidence judgements; see Galvin, Podd, Drga & Whitmore, 2003, for
a detailed explanation of the type-I/1I terminology) does not fall under the cat-
egory metacognition, and possibly even relies on different neural mechanisms
(Overgaard & Sandberg, 2014; Overgaard et al., 2006). I therefore only study
type-1I confidence judgements in this thesis. Another argument supporting my
decision is that type-II confidence judgements have the advantage that they
can be used in combination with most psychological paradigms (Overgaard &
Sandberg, 2014), and they might therefore be more transferrable across tasks
(De Gardelle & Mamassian, 2014) or even domains.

A critical question in metacognition research is how metacognitive ac-
curacy — for example, the correlation between confidence and objective per-
formance — is assessed. The relative accuracy (or resolution) of metamemory
judgements is usually measured through Goodman-Kruskal gamma correla-
tions (Goodman & Kruskal, 1954), which measure the relationship between
confidence judgements and objective test performance. Gamma correlations
have been considered as one of the best ways to measure resolution in feeling-
of-knowing judgements (Nelson, 1984), but they can be easily distorted when
one of the rating conditions contains only a small number of trials (Yokoyama
et al., 2010). Given that we can expect participants to choose some of the con-
fidence categories less often than others — for instance probably correct more
often then certainly wrong — this measure is not suitable for the paradigms
used in this thesis.

A related measure often used in the research on metamemory is cal-
ibration, or absolute accuracy. This measure expresses the correspondence

between the rated and the actual probability of being correct in a given condi-

42



Chapter 1

tion (Dunlosky & Metcalfe, 2009). Calibration also expresses whether people
are over- or underconfident, meaning that their subjectively-rated accuracy is
higher (overconfidence) or lower (underconfidence) than their actual, object-
ive accuracy. Calibration is usually measured by calculating a component of
a Brier score (Brier, 1950), which is an averaged probability score, that is a
score expressing correspondence between a probability rating and the actual
probability. Calibration values lie between 0 (perfect calibration) and 1 (low-
est possible calibration), but in most studies, calibration scores are lower than
0.1 (Baranski & Petrusic, 1994). However, to estimate calibration, confidence
ratings have to be measured using a numerical confidence scale, given that
subjective probabilities of being correct are compared to objectively measured
error rates. In this thesis, I use a verbal confidence scale. The reason for this
decision is discussed in detail in Chapter 2. I will therefore not use calibration
as a measure’>.

Metacognitive judgements are often analysed using type-II signal de-
tection theory (SDT) measures, as presented in Figure 4. Such models assume
that participants decide whether a just-made response was correct or incor-
rect by judging evidence accumulated in favour of the chosen response option
against a decision criterion (Galvin et al., 2003; Higham, Perfect & Bruno,
2009). Just as we can use SDT to quantify participants’ ability to categor-
ise correctly the presence or absence of a stimulus, we can use second-order
SDT to quantify participants’ ability to categorise their responses as correct
or incorrect. In this context, a hit is a correct response classified as correct;
a miss is an error classified as a correct trial; a false alarm (FA) is a correct

trial classified as an error; and a correct rejection (CR) is an error classified

30f course, one could circumvent this problem by using only categories of a verbal confi-
dence scale that refer to the extreme points of the confidence scale (e.g., sure correct — 100%
of being correct) or guessing (50% of being correct), but this would still mean that a large
proportion of the confidence data cannot be used.
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as such. Similar to the type-I SDT model, it is assumed that there are two
Normal distributions representing the stimulus categories, which overlap to
some extent. The distance between the means of these distributions expressed
in units of standard deviation is first-order sensitivity, d’, the ability to dis-
criminate between response alternatives. Furthermore, the participant sets a
first-order criterion, ¢, to distinguish between these distributions. According
to the position of a stimulus relative to this response criterion, a decision is
made. An unbiased criterion would be placed dividing the two distributions
at their intersection, but often participants respond with a certain bias to one
or the other response alternative. Moreover, a type-II criterion is assumed for
metacognitive judgements, which is placed on either side of the first-order, as
also illustrated in Figure 4: If evidence in favour of the chosen response altern-
ative lies between the first- and the second-order criterion, a low-confidence
trial is indicated.

SDT parameters calculated from these secondary responses have in-
teresting characteristics for metacognitive analyses. First of all, type-II sens-
itivity is the ability to differentiate between one’s own correct and incorrect
answers. It can therefore be seen as a general metacognitive accuracy or meta-
cognitive efficacy. The type-II criterion on the other hand expresses whether
participants are biased towards accepting their own answers as correct or more
often judging them to be errors. Metacognitive ability is furthermore some-
times operationalised as the area under the Receiver Operating Characteristic
(ROC) type-II curve — that is plotting type-II hit rates against type-II false
alarm rates for each of the confidence categories (Fleming & Dolan, 2010). An
example of an ROC curve is given in Figure 5 (grey curve).

Caution is advised when estimating type-I11 SDT parameters, however,

given that the distributional assumptions, such as normally distributed noise,
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Figure 4: Signal detection theory assumes two overlapping Normal distribu-
tions representing the two choice alternatives (depicted in grey). The amount
of overlap of these distributions determines the participant’s overall sensitiv-
ity in distinguishing the two evidence sources (d'). The two distributions are
divided by a criterion (¢; black vertical line), and samples smaller than this
criterion are classified as belonging to one class and samples larger than it
to the other class. Type-II signal detection theory furthermore assumes the
placement of two confidence criteria (c,,; blue vertical lines), symmetrically
around the first-order criterion.
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Figure 5: A Receiver Operating Characteristic (ROC) type-II curve plots type-
IT false alarms (FAs; correct responses, classified as errors) against type-II
hits (correct responses, classified as correct) cumulatively for every confidence
level. For example, the second data point (light green) from the origin plots
FAs against hits for all trials on which the participant chose the highest level
of confidence, whereas the next data point (yellow-green) includes trials from
both the highest and second-highest levels of confidence. The area enclosed
by the ROC curve and the main diagonal can be divided into two sub-areas,
K4 (light blue) and Kp (dark blue), from which non-parametric estimates of
metacognitive sensitivity, Agoc, and metacognitive bias, Broc, can be calcu-
lated (Kornbrot, 2006). The minor diagonal is shown as a dashed black line
(see main text).
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are often violated on the second-order level (Barrett, Dienes & Seth, 2013;
Evans & Azzopardi, 2007; see also Fleming & Lau, 2014, for a review). A
distribution-free approach, which circumvents these problems, has been pro-
posed by Kornbrot (2006). This approach estimates non-parametric meta-
cognitive sensitivity (Aroc) and bias (Broc) from type-II ROC curves, as
presented in Figure 5. To calculate these distribution-free SDT measures, the
area between the ROC curve and the main diagonal first has to be divided
into two parts (see light and dark blue shades in Figure 5), K4 and Kp, the
areas of which can then be calculated using simple geometry given that those
areas can be subdivided into several triangles. Metacognitive sensitivity Aroc
is the sum of both of these areas plus 0.5, to account for the area below the
main diagonal. Agrpc can take values up to 1, which would express perfect
metacognitive sensitivity. Similarly, metacognitive bias, Broc, can be calcu-
lated as the natural logarithm of the ratio of the two areas K4 and Kpg. For
instance, if participants are overconfident (as in Figure 5) then they are relat-
ively more likely to use the higher confidence levels of the scale. Their ROC
curve — which plots high-confidence levels closer to the origin (‘more green’
dots) and low-confidence levels further away from the origin (‘more red’ dots)
— will thus rise faster and have a larger amount of data points above the minor
diagonal (dotted line), resulting in a smaller area of Kz and therefore a larger
Broc.

However, there is one issue concerning the interpretation of metacogni-
tive sensitivity measures: Metacognitive sensitivity will always — at least to
some extent — depend on first-order sensitivity, d’ (Fleming & Lau, 2014). This
makes it very difficult to compare metacognitive judgements across conditions
that differ in basic task performance, which is something that will conceiv-

ably happen very often. Maniscalco and Lau (2012) have therefore proposed a
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method to estimate type-II SDT sensitivity relative to their underlying type-I
parameters (see also Barrett et al., 2013). Such corrected type-1II sensitivity
measures (meta-d’) can then be compared to type-I sensitivity (d') by forming
a ratio from the two measures: Metacognitive efficiency (M-ratio) expresses
how well participants differentiated between their own correct responses and
errors while taking first-order performance into account. This parameter can
be interpreted as follows: A value of 1.0 means that participants used all in-
formation from the primary decision for their metacognitive judgement. A
value of 0.7 means that they only used 70%. Values larger than 1.0 express
that participants used more information for their second-order judgement, pre-
sumably because of ongoing evidence sampling (as often seen in speeded tasks
where people make many premature responses). M-ratio is therefore an in-
dex of the degree to which metacognitive sensitivity (meta-d’) falls below or
exceeds what would be expected given primary task sensitivity (d’).

In this thesis, I report metacognitive efficiency, M-ratio, whenever I am
interested in how well participants were capable of distinguishing between their
own correct and error responses. Rather than reporting the raw parameter,
I calculate the common logarithm of it to correct for non-normality (Fleming
& Lau, 2014). Values larger than zero therefore signal that participants used
more information for their second-order judgement. I use this measure rather
than, for example, Aroc, as I will study and compare conditions that differ in
basic task performance. In terms of metacognitive bias parameters, I use the
non-parametric approach originally proposed by Kornbrot (2006), and report
Broc whenever I am interested in how participants mapped their metacogni-
tive judgements to the rating scale used. As stated above, this approach is
preferable to ‘standard’ SDT ways of calculating metacognitive bias, as it does

not make any distributional assumptions, which have often been found to be
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violated for metacognitive data. Moreover, I prefer to use Broc as a measure
of relative under- and overconfidence as opposed to calibration, given that the
latter parameter would dictate the use of a numerical confidence scale rather
than a scale with verbal labels that I use in the experiments reported in this

thesis (see Chapter 2, for a more detailed discussion regarding this decision).

1.8 Statistical methods used in this thesis

Most statistical tests reported in this thesis were conducted using the stat-
istical programming language R (R Core Team, 2013), version 3.0.2. Within
this programming language, several additional packages were used: Hmisc for
correlation analyses (Harrell Jr & Dupont, 2014), and outliers for the outlier
analyses reported in Chapter 5 (Komsta, 2011).

Whenever within-subject linear trends are reported for an analysis of
variance (ANOVA) model, they were calculated with SPSS, release 22.0.0.0
(IBM, 2013). In case of violations of sphericity according to Mauchly’s spheri-
city test (Mauchly, 1940) for repeated-measures ANOVAs, Greenhouse-Geisser
corrected F-values are reported (Greenhouse & Geisser, 1959). Furthermore,
all ANOVAs are based on type-II sums of squares (SS). However, given that
the choice of SS is a somewhat controversial issue (Langsrud, 2003), all tests of
unbalanced designs (applies only to EXPERIMENT 7) were also conducted with
type-111 SSs (using the R package ez; Lawrence, 2013) and any substantial dif-
ferences in results are reported. Moreover, Welch’s t-tests were used whenever
the means of two samples were compared to account for unequal variances.
Approximated, non-integer degrees of freedom will be reported wherever this
applied.

Whenever a null effect is of specific interest, this effect will be also
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analysed with Bayesian statistical methods using the R package BayesFactor
(Morey & Rouder, 2014; Rouder, Speckman, Sun, Morey & Iverson, 2009).
The reason for this is that these methods permit estimating the probability
with which the null hypothesis is true given the data — something that cannot
be achieved using conventional null hypothesis significance testing (NHST). For
the ANOVAs and t-tests in question, Bayes Factors (BF') will be reported.
Bayesian statistical approaches do not differentiate between the alternative
and null hypothesis, but I still refer to a BF' in favour of the null hypothesis
as BFyypp for shorthand and BF will be used whenever the Bayes Factor was
calculated with regard to the alternative hypothesis. As cutoff values for all
BF's reported in this thesis, values proposed by Kass and Raftery (1995) will
be used. According to these guidelines, values below the cutoff value between 1
and 3 fall into the category of “not worth more than a bare mention”, whereas
values between 3 and 20 are considered to be “positive” evidence in favour of
the hypothesis in question. Values between 20 and 150 are “strong” evidence,
and above 150 are classified as “very strong” (Kass & Raftery, 1995, p. 777).

If not stated otherwise, all error bars in the figures presented in this
thesis are based on within-subject confidence intervals, calculated according
to the method proposed by Loftus and Masson (1994; see also Masson, 2003).
These confidence intervals are therefore based on the error term of the respect-
ive within-subject ANOVA of the experimental factor in question.

A subset of the analyses reported in this thesis was calculated us-
ing MATLAB, version R2012a (7.14.0.739; MathWorks, 2012). Amongst these
analyses are the multivariate pattern classification approaches used in EXPER-
IMENTS 4 and 5 (based on code used by Macdonald, Mathan & Yeung, 2011,
Parra et al., 2002; Steinhauser & Yeung, 2010), as well as diffusion model fits

that will be discussed in Chapter 5, which were fitted using the toolbox DMAT,
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version 0.4 (Vandekerckhove & Tuerlinckx, 2008). Most of the EEG analyses
(EXPERIMENTS 4, 5, and 8) that will be reported in this thesis were carried out
using the MATLAB toolbox EEGLAB, version 11.0.5.4b (Delorme & Makeig,
2004). Recording and preprocessing of the EEG data was carried out using
SCAN software (versions 4.3 and 4.4; Compumedics Neuroscan, 2003, 2007),
with ocular artefacts corrected using a regression-based approach proposed by
Semlitsch, Anderer, Schuster and Presslich (1986).

Finally, for type-II SDT analyses reported above, I used both a para-
metric and a non-parametric approach. First-order sensitivity, d’, metacogni-
tive sensitivity, meta-d’, and metacognitive efficiency, log(M-ratio), were cal-
culated using the MATLAB code provided by Maniscalco and Lau (2012).
Metacognitive bias (Broc), on the other hand, was calculated with the non-

parametric procedure proposed by Kornbrot (2006), using custom-written code.

1.9 Statement of authorship

A manuscript reporting the results of EXPERIMENT 4 (Chapter 3) has recently
been published in The Journal of Neuroscience. The manuscript was written
by me and my supervisor, Professor Nick Yeung. However, the text included in
the thesis has been re-written (except for some paragraphs regarding research
methods) and more detail is given compared to the submitted manuscript.

As disclosed in Chapter 3, the model reported there was designed
and implemented by me, but further developed in collaboration with Pro-
fessor Stanislas Dehaene and Dr Lucie Charles, during a one-month visit at
Neurospin, INSERM CEA (Paris).

EXPERIMENT 7 (Chapter 5) was a collaboration with Professor Robert

Rogers (University of Oxford, Department of Psychiatry at the time, now
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at Bangor University). As stated clearly in the research methods for this
experiment, I programmed and installed the experimental software but was
not involved in the data collection or administration of the amino acid drinks
because this was a double-blind design and I was involved in the assignment
of participants to conditions to ensure balanced groups. I then processed and
analysed the data.

EXPERIMENT 8 (Chapter 5) was a collaboration with another gradu-
ate student, Ms Elizabeth Michael. Ms Michael programmed the adaptive
staircase algorithm as well as her part of the experiment (first four blocks),
while I programmed my part of the experiment (last three blocks). All data
collection was conducted together, with two experimenters present for every
participant. The analyses in my thesis were all carried out by myself and they
all refer to only my part of the experiment, with the exception of one diffusion
model analysis for which a large number of trials was needed. All of these
details are also highlighted in the respective thesis chapters. I hereby confirm

that everything else in the thesis is wholly my own work.
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Methodological issues arising when

studying metacognition

The goal of the experiments in this chapter was to establish a robust paradigm
suitable for measuring metacognition in decision making. As discussed in
Chapter 1, guidelines on how best to test metacognition have already been
developed in the literature focusing on memory (Nelson & Dunlosky, 1991;
Dunlosky & Metcalfe, 2009) and consciousness (Seth et al., 2008; Overgaard
& Sandberg, 2014; Reingold & Merikle, 1988). These guidelines have contras-
ted, for example, direct and indirect ways of assessing metacognition (Reingold
& Merikle, 1988). In this context, it has moreover been suggested that more
time between learning the correct answer to a question and rating the probabil-
ity of correctly remembering these answers will increase participants’ accuracy
in the latter judgement (the “delayed-JOL effect”; Nelson & Dunlosky, 1991).
However, such guidelines are currently missing in the context of metacogni-
tion in decision making. In this chapter, I therefore review findings related
to such guidelines, highlight several outstanding questions, and then address

these questions in three behavioural experiments.
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Metacognitive judgements cannot be measured on their own. They are
always embedded into another task, for instance a decision making task. It
therefore has to be decided which paradigm is best suited to be such a primary
task. In perceptual decision-making paradigms, participants are usually asked
to categorise a stimulus, which is assumed to be achieved by integrating noisy
sensory information until a threshold level of evidence is reached (Ratcliff &
Smith, 2004). Value-based decision making, on the other hand, requires the
participant to make a preference choice, which depends on the different values
assigned to the choice options by the participant. The choice itself therefore
relies heavily on internal value representations, which introduces an additional
source of noise that is difficult to control experimentally and increases the num-
ber of processing steps, as reflected in the framework by Sugrue, Corrado and
Newsome (2005). In perceptual decision making, however, the choice is driven
by external stimulus properties to a large extent (Gold & Shadlen, 2007). The
experimenter thus has precise experimental control over the noisy evidence
that has to be integrated and can manipulate the difficulty of a task by in-
dependently manipulating the different dimensions of a stimulus (for example
stimulus intensity and reliability; De Gardelle & Summerfield, 2011). I there-
fore used a perceptual decision-making task to investigate decision confidence
for the experiments reported in this thesis.

Figure 6 presents an example stimulus for such a simple perceptual
decision-making task: Participants are presented with two rectangular fields,
each containing a number of dots. They then have to quickly decide which
of the fields contained more dots. The task used here is similar to one used
by Ratcliff, Van Zandt and McKoon (1999), who used a dot count task in
which participants had to quickly determine whether the number of asterisks

contained in a field was small or large. The number of asterisks presented

o4



Chapter 2

mapped closely onto the reported evidence accumulation rates (Ratcliff et al.,
1999, Figure 4). The rationale behind using a comparison between two fields
rather than a categorisation was that no internal representation has to be
formed of what ‘many’ or ‘few’ dots means. Arguably, the task is therefore less
influenced by response biases towards one of the two response options, caused

by fluctuations in the internal representation of the two response categories.

Figure 6: Example of a stimulus in the dot task. Participants had to quickly
judge which field contained more dots and signal their decision by pressing a
corresponding button.

Basic task parameters of this paradigm could then be explored. Dif-
ficulty of the first-order judgement has a substantial effect on second-oder
judgements — the amount of evidence available for the first-order decision is
thought to affect the second-order decision process (Maniscalco & Lau, 2012).
For example, if participants are guessing in the first-order judgement, they are
also likely to guess in the confidence judgement (but see Charles et al., 2013).
However, that does not mean that the task has to be made as easy as possible.
In fact, the absolute number of errors is just as important and has to be kept
high enough so that error detection can be measured. In the present task, dif-
ficulty was manipulated in small discrete steps by increasing or decreasing the
difference in dots between the two fields. In EXPERIMENT 1, I tested ten levels
of difficulty to determine which of these are best-suited for the subsequent ex-

periments of my thesis. For most studies in this thesis, the goal was to find
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a difficulty condition in which participants would commit 15-20% errors un-
der moderate speed pressure. Some of these errors will have been caused by
the speed pressure and are therefore likely to be detected. Other errors were
caused by the small difference in dots on each side, which can sometimes be
misrepresented internally due to processing noise, leading to undetected errors
(Scheffers & Coles, 2000; Rabbitt & Vyas, 1981).

EXPERIMENT 1 also focused on the question whether it is better to
ask participants to rate their confidence on a graded scale, or whether binary
error detection yields better metacognitive accuracy. I therefore designed a
task in which, after each trial, a metacognitive judgement was required but
it randomly varied whether a 2- or 6-point scale was used. Clearly, the 6-
point scale provides the experimenter with a more fine-grained measure of
confidence. The question arises as to whether the increased resolution comes
at a cost imposed by the additional demand of making finer judgements.

My second experiment focused on the temporal dynamics of meta-
cognitive judgements. More precisely, I aimed to identify the ideal time at
which metacognitive judgements should be probed. On the one hand, meta-
cognitive judgements are made with regard to another mental representation
— the primary decision — such that we might expect metacognitive accuracy to
decrease as the judgement is delayed relative to that decision. Such memory
decay might play an important role that needs to be considered in this context,
independent of the locus assumption, that is whether metacognitive judge-
ments are formed at the same time as the decision and then stored until a
judgement is required, or whether they are formed at a later point in time
based on whatever is remembered from the primary choice. This could, for
example, play a role for both the time heuristic (Audley, 1960; Moreno-Bote,

2010; Zylberberg et al., 2012), where the response speed of the primary de-
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cision has to be remembered, as well as for any theory that assumes a balance-
of-evidence mechanism (Kepecs & Mainen, 2012; Van Zandt & Maldonado-
Molina, 2004; Vickers & Packer, 1982; De Martino et al., 2013), where the
final amounts of evidence accumulated in the two counters have to be stored
until the metacognitive judgement is made. One could therefore expect meta-
cognitive accuracy to decrease over time.

On the other hand, a recent study by Resulaj, Kiani, Wolpert and
Shadlen (2009) provided evidence suggesting that the integration of post-
decision evidence is crucial to explain changes of mind, using a task in which
participants were asked to judge the direction of a cloud of moving dots. Parti-
cipants signalled their decisions by moving a handle either to the left or to the
right. Precise motion trajectories of this movement were measured. The results
indicated that on a proportion of trials, participants changed the direction of
their hand movement midways through the trajectory. The authors interpret
these trials as evidence for changes of mind and provided a quantitative model
of their behaviour, according to which people continue to accumulate evidence
even after they make their decision. This additional information sampled from
the “processing pipeline" (p. 264) can then cause them to change their mind.
These changes of mind are most likely to happen after the participant commit-
ted a mistake. Such self-correcting mechanisms have been studied extensively
by Rabbitt and colleagues (Rabbitt & Vyas, 1981; Rabbitt, 1966), who found
that these correcting responses happen even if participants were explicitly in-
structed not to correct their mistakes (Rabbitt, 2002). These findings suggest
that the brain processes stimuli even after a response to those stimuli was
made, thereby matching findings from Ding and Gold (2012), who found in
nonhuman primates that stimulus evidence affects activity in frontal eye field

(FEF) neurons even after a decision was made. All these studies show that
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even in the period after a choice has been made decisional information is pro-
cessed and can even cause the initial choice to be reversed, thereby supporting
the idea that there is post-decision processing. Recent studies have argued that
confidence might be formed during this time (Pleskac & Busemeyer, 2010; for
a review see Yeung & Summerfield, 2014, 2012). Following from this model,
the more time participants are allowed to think about their just-made decision
the higher their metacognitive accuracy.

The second experiment therefore aimed to investigate and quantify
these possible effects on metacognitive accuracy. To do so, I systematically
varied the response-stimulus interval (RSI) between the primary (dot-decision)
response and the onset of the confidence scale, thus influencing the amount of
time participants spend on internally developing confidence decisions.

Finally, EXPERIMENT 3 asked whether metacognitive judgements are
fundamentally different from basic task processes such that making them rep-
resents a different, potentially interfering task. In other words, metacognition
could depend on internal processes that are responsible for the original decision
versus it could resort to entirely different processes. 1 therefore tested whether
decision-making tasks with metacognitive judgements can cause task-switching
effects, such as switch costs. Switch costs can be found when participants start
a new task, and they are reflected in higher RTs and error rates (Monsell, 2003;
Allport, Styles & Hsieh, 1994; Jersild, 1927; Meiran, 1996). Switch costs arise
from the necessity to reconfigure the current task-set to match that of the new
task, thus reorganising mental resources. In the latter case, there is reason
to believe that task-sets need to be reconfigured prior to making a confidence
judgement, which should cause switch costs if compared to blocks in which
only the decision task was required.

Taken together, four key questions were addressed in this chapter.
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The first focused on the nature and difficulty of the primary task in which
metacognition can be measured. The second and third questions focused on
the scale with which metacognition is assessed and when is the best point
in time to measure confidence. Finally, the possible interaction between the
primary and secondary judgement tasks were addressed by asking whether
they rely on the same or different task processes, arguing that switch costs
could possibly arise from such a design. These results from these experiments
will then be used to create a paradigm with which the questions in this thesis

can best be addressed.

2.1 EXPERIMENT 1: Influence of metacognitive
rating scale

The present experiment focused on two questions. The first concerns the suit-
ability of the perceptual decision-making paradigm, as described in the intro-
duction to this chapter. With the second question, two different confidence
scales were directly compared to assess which of them is a more suitable tool
for measuring confidence.

A range of different confidence scales has been used in the literature,
such as binary, discrete graded, and continuous scales. Those scales have
previously been compared, both with regard to their effects on the accuracy of
metamemory judgements (Dunlosky & Metcalfe, 2009), as well as comparing
them to other measures of awareness (Sandberg et al., 2010; Seth et al., 2008;
Overgaard & Sandberg, 2014; Dienes, 2008). Despite commonly concluding
that confidence scales are not suitable for measuring awareness to external
stimuli, these studies are still very informative for the purpose of the present

experiment, given their direct comparison of different types of scales.
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One reason for favouring a binary scale is that it is easy and straightfor-
ward to interpret the two response options, which are usually correct and error.
Responding on such a scale should therefore be simple. Moreover, participants
should be able to make judgements very quickly on such a scale, assuming that
Hick’s law of a growing RTs with the number of response options also holds for
confidence judgements (Hick, 1952). Binary scales are often used in research
on error monitoring (Charles et al., 2013; Endrass, Franke & Kathmann, 2005;
Wessel, Danielmeier & Ullsperger, 2011); and evidence exists to suggest that
they lead to more accurate judgements compared to other scales: Studies by
Tunney and colleagues (Tunney, 2012; Tunney & Shanks, 2003) suggested that
only binary scales can detect differences between conscious and unconscious
states. The authors had participants complete an artificial grammar learning
task. Participants rated their confidence after a response on either a binary
(“more confident” versus “less confident”; Experiment 1B in Tunney & Shanks,
2003) or a continuous scale (any number between 50 and 100; Experiment 3
in Tunney & Shanks, 2003). Confidence and objective accuracy covaried only
in case of the binary scale, suggesting that although participants might pos-
sess correct metacognitive knowledge, they were unable to express it on the
continuous scale.

Graded confidence scales are common in research on consciousness
(e.g., Wierzchon et al., 2014; Li, Hill & He, 2014) and recognition memory
(e.g., Busey, Tunnicliff, Loftus & Loftus, 2000; Pannu, Kaszniak & Rapcsak,
2005). This type of graded confidence scale has also been adopted in the
decision-making domain (Fleming, Huijgen & Dolan, 2012; Zylberberg et al.,
2012; Bahrami et al., 2012; Fleming et al., 2010; Baranski & Petrusic, 1994;
Pleskac & Busemeyer, 2010; Baranski & Petrusic, 1998; De Martino et al.,

2013; Petrusic & Baranski, 2003, just to name a few examples). If we assume
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that participants can make unlimited fine-grained judgements, then using a
graded scale is clearly advantageous for the experimenter because of its higher
measurement resolution. The question remains as to whether this increment in
resolution comes at the cost of decreased metacognitive accuracy. Participants
could, for example, be confused as to what the different categories mean. This
confusion could introduce noise into the judgement process and increase con-
fidence RTs because participants have to continuously re-read the labels of
the categories or because participants vary in how they interpret or apply the
different labels. However, evidence exists that people are able to make such
finer-grained judgements without additional processing costs. Findings from
a study by Dienes (2008), for example, suggest that participants were just as
accurate when using binary as when using continuous scales. The paradigm
used in this experiment was similar to the task described above by Tunney
and Shanks (2003).

There exists one particular type of categorical graded scale, which will
be called quasi-continuous scale here. Such scales are fine-grained enough to
appear continuous to the participant. The participant is then asked to click
on any position on this scale or type in a perceived probability of being correct
(Koriat, 2011; Baranski & Petrusic, 1994; Macdonald et al., 2011; De Martino
et al., 2013). Using a scale with such fine gradations has one crucial con-
sequence: Measuring confidence RTs becomes increasingly difficult, that is the
time it takes to give a confidence rating following the onset of the scale. The
importance of measuring those RTs has previously been highlighted. Pleskac
and Busemeyer (2010), for example, implemented a model which assumes con-
fidence judgements are formed through post-decision accumulation of decision
evidence. Their 2DSD model provided a good fit to RTs, error rates, confi-

dence judgements and confidence RTs, which they regard as equally important
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measures, reflecting the same underlying judgement process (see also Moran,
Teodorescu & Usher, 2015). Furthermore, Baranski and Petrusic (1998) sug-
gested that confidence judgements are formed post-decisionally under speed
pressure. The length of the time to make a confidence judgement thus reflects
some important properties of the underlying processes and therefore quasi-
continuous scales will be excluded as a possibility.

In this thesis I therefore use a confidence scale with discrete, monotonic
categories to facilitate precise measurement of the confidence RTs. Whether
this scale should be binary or graded, however, must be tested empirically,
given that existing findings are inconclusive as to whether graded scales come at
an additional processing cost for the participant. The present study therefore
addresses this question to compare a 6-point scale with a binary scale.

Furthermore, the scale used in all subsequent experiments of this thesis
had verbal as opposed to numerical labels, marking the different regions and
categories of the scale. Such categories can for example be “Not confident at
all”, “Slightly confident”, “Quite confident”, and “Very confident” (Sandberg
et al., 2010). The choice in favour of a verbal category was supported by a
number of empirical findings, which will subsequently be discussed.

Confidence scales usually have either verbal (certainly wrong, probably
wrong, etc.) or numerical categories, the latter often in the form of probab-
ilities that the last response was correct. Mixed findings exist with regard to
the question as to which of these scales yield more accurate confidence judge-
ments. Some findings suggest that probabilities are the more precise way of
describing confidence categories, given that verbal descriptions of probabilit-
ies can be somewhat noisy, participant- and context-specific (see Budescu &
Wallsten, 1995, for a review). This position is also supported by the previously

mentioned fact that only with a probability scale can calibration be calculated,
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which is the correspondence between the rated and the actual probability of
being correct in a given condition (Dunlosky & Metcalfe, 2009). There are
other findings, however, which suggest that verbal scales are more suitable
tools for measuring confidence. Zimmer (1983), for example, suggested that
verbal scales lead to more accurate measures, arguing that this was the case
because they could be used much more intuitively than numerical ones. Other
studies concluded that participants display similar levels of sensitivity in their
confidence responses no matter which type of scale was used (Dienes, 2008;
Wallsten & Budescu, 2009; Wallsten, Budescu & Zwick, 1993). From these
findings, one can conclude that numerical ratings are not necessarily better
tools for measuring confidence. In fact, an argument which speaks clearly in
favour of verbal categories is that little instruction is needed, meaning that
participants can use the scale without much practice. In the course of this
thesis, no calibration curves will be analysed and this disadvantage of verbal
scales can therefore be neglected.

Moreover, I chose to use a confidence scale that includes error judge-
ments as lowest confidence level, similar to studies on confidence and error
monitoring (Baranski & Petrusic, 1994; Koriat, 2011; Wallsten et al., 1993;
Buratti & Allwood, 2012, just to name a few; see Wessel, 2012, for a review).
With such a scale, it is possible to measure whether participants detected an
error, and therefore changed their mind. Such changes of mind, or response re-
versals, have previously been studied (Van Zandt & Maldonado-Molina, 2004;
Rabbitt, 1966), and found to occur even when stimulus input was no longer
given (Resulaj et al., 2009). This type of scale stands in contrast to many stud-
ies, which instead explicitly define guessing as the lowest level of confidence
(e.g., Dunlosky & Metcalfe, 2009; Graziano, Parra & Sigman, 2010; Selmeczy
& Dobbins, 2013; Graziano & Sigman, 2009; Koriat, 2008; Edelson, Dudai,
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Dolan & Sharot, 2014). The reason why many studies choose to ignore error
detection links to the notion that two qualitatively different types of errors
exist. As mentioned previously, Scheffers and Coles (2000) distinguish “errors
due to premature responding” from “errors due to data-limited processing”.
The former are usually fast and detected in most cases, while the latter ones
remain often undetected, participants report to have guessed the answer on
those trials, and they often form the slow tail of the RT distribution. Many
confidence studies do not impose speed stress and sure errors are therefore
rare enough to be neglected. Error detection constitutes an extreme case of
confidence, however, and to study such error detection, such premature re-
sponses have to be included as well. It therefore has to be concluded that
if we want to design a paradigm that tests participants’ metacognition, we
should aim for a speed instruction. Indeed, findings reported by Pleskac and
Busemeyer (2010) suggest that the speed-accuracy regime of the primary task
has a crucial effect on confidence judgements. With sufficient speed pressure,
confidence judgements have been found to vary more and there is an increased
difference in mean confidence ratings for errors and correct trials, that is an
increase in resolution or relative metacognitive accuracy (see also Baranski &
Petrusic, 1994; Moran et al., 2015).

To sum up, findings from the consciousness, metamemory and confi-
dence literature were reviewed and a verbal, categorical confidence scale was
then chosen for all subsequent experiments in this thesis. This scale ranges
from certainly wrong to certainly correct and the primary decision paradigm
will impose speed stress on the participants, so that more premature responses
occur, which are errors that are usually easier to detect than errors arising
from the difficulty of the stimulus material. In the present experiment, two

versions of such a scale were tested against each other — one with six response
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categories and one with two response categories. To foreshadow, participants
were found to be able to make more fine-grained judgements with the 6-point
scale and these judgements did not occur at a cost of lower metacognitive per-
formance. The primary decision-making task was also evaluated and found to
be a suitable framework for conducting studies on metacognition.

In Section 2.1.2.1, I first assess whether the current paradigm allows a
precise manipulation of task difficulty. The effect of difficulty on correct RTs
and error rates is analysed, as well as the effect of difficulty on raw confidence.
The analyses in the second part of the results section (Section 2.1.2.2), are
focused on effects of the different confidence scales. Error rates are analysed
as a function of subjective error probability, as well as mean confidence and
the distribution of confidence judgements. The main question is of course
whether the scale has an effect on type-II accuracy. The focus is therefore
on metacognitive efficiency as a measure that allows one to directly compare
the two scales. Moreover, data from the 6-options scale are analysed with a
non-parametric SDT approach based on ROC curves, which is not possible
for a binary scale. Yet another question addressed is whether using a more
fine-grained scale increases the time participants take to rate their confidence,
as could be predicted by Hick’s law (Hick, 1952).

Finally, additional analyses are addressed in Section 2.1.2.3. Here, I
test whether participants’ confidence changed over blocks. They could pre-
sumably get better at judging their confidence, which would result in higher
confidence for correct responses and lower confidence for incorrect responses
in late as opposed to early blocks. This should also be reflected in measures

of metacognitive efficiency.
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2.1.1 Methods

2.1.1.1 Participants

Twenty-five participants were tested, 15 of whom were female, and 3 were
left-handed. The participants’ ages ranged from 18 to 24 (M = 19.3). All
had normal or corrected-to normal vision. One participant had to be excluded
because they did not classify a single trial as incorrect in the case of several
difficulty conditions. This meant that no SDT measures could be calculated for
these conditions. The final sample therefore included 24 participants. All par-
ticipants gave informed consent and received course credit for their time. Each
session lasted approximately 45 minutes, including instruction and debriefing.

All procedures were approved by the local ethics committee.

2.1.1.2 Task and procedure

The experiment comprised a series of trials on which participants first per-
formed a perceptual decision task under time pressure, and were then asked to
rate their subjective confidence in the decision just made (Figure 7). The per-
ceptual decision task required participants to judge which of two briefly flashed
(160 ms) fields contained more dots by pressing a left- or right-hand button.
The differences of dots varied in steps of 2 from 2 to 20, resulting in 10 levels
of difficulty. For example, for a difficulty of 10, one field contained 45 dots
arrayed in a 10-by-10 matrix, the other one 55. There was a 1,520 ms dead-
line for this decision, and participants were encouraged verbally and through
feedback to respond quickly. Speed was stressed so that participants made
sufficient numbers of errors to permit planned error detection analyses.

After participants’ responses, the screen cleared for 600 ms at which

66



Chapter 2

certainly probably maybe maybe probably certainly

wrong wrong wrong correct correct  correct

Dot Stimulus
(160 ms)

Decision wrong 4 correct

Confidence judgement
(unlimited time)

I~
£
2]
&
S
S
~

Time

Figure 7: Methods of the dot task. Participants first had to say which of two
fields contained more dots by pressing the left or right key. After their response,
one of the two confidence scales was presented on screen and participants
were given unlimited time to choose how confident they were that their last
response was correct. RSI: response-stimulus interval; I'TI: inter-trial interval;
ms: millisecond.
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point either a 6-point confidence scale appeared, with values of certainly wrong,
probably wrong, maybe wrong, maybe correct, probably correct, and certainly
correct, or a 2-point scale with wrong and correct as response options. These
scales were randomly interleaved across trials. Participants were given unlim-
ited time to indicate how confident they were about the preceding perceptual
decision, but were instructed to react according to their first impression. They
indicated their confidence by pressing one of six or two keys respectively. After
the confidence response, the screen cleared for a 1000 ms inter-trial interval
(ITI). Participants were instructed to keep their eyes on the fixation cross
between the two fields and they were instructed to react “as quickly and ac-
curately as possible”.

Stimuli were presented on a 20” CRT monitor with a 75 Hz refresh rate
and a visual angel of 10.0° by 3.8° using the MATLAB toolbox Psychtoolbox3
(Brainard, 1997; Pelli, 1997; Kleiner, Brainard & Pelli, 2007). All responses
were made with an RB-830 Cedrus response pad (San Pedro, CA). This re-
sponse pad has a lower row of two and an upper row of six buttons. All buttons
are arranged ergonomically in semi-circles, so that they can be operated com-
fortably with the thumb, index, middle and ring finger of the respective hand.
Participants responded with their thumbs for the perceptual decision. The fin-
gers used for the 2-point rating scale (index versus middle versus ring finger)
varied across blocks to reduce the possibility that the corresponding fingers
would be preferentially used in the 6-point scale condition. Half of the parti-
cipants saw the confidence scale ranging from responses classified as wrong on
the left to correct on the right, and the other half of participants seeing the
reverse orientation. This hand assignment was fixed for each participant.

In the first block, participants practised the task without confidence

judgements. The RSI before the onset of a new stimulus was 600 ms long. After
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errors, an auditory feedback tone was played and the RSI was 1000 ms long,
therefore penalising the participants for the incorrect response. In the second
and third block, no more error tones were played as they then practised the
use of either the 2- or 6-point confidence scale. The RSIs following a response
to the dot stimulus were always 600 ms, independent of whether or not an
error had been made. Which scale was practised first was counterbalanced
across participants. The use of the full scale was encouraged and frequencies
of the confidence categories were presented on screen after these blocks so
that the experimenter could discuss and remind the participant again to use
the entire scale. In the fourth practice block both scale types were mixed.
Throughout the whole experiment, participants could not predict which of
the two confidence scales would be used, while making their decision. They
completed 12 experimental blocks. Each block was 40 trials long, meaning
that four stimuli from each of the ten difficulty levels were shown per block,
that is one for every side the larger stimulus was displayed on and for each of
the two scales. After each block, participants received feedback with regard to

their mean correct RT and mean error rate.

2.1.1.3 Data analysis

Behavioural data analysis focused on the resolution of participants’ confidence
ratings; that is, the degree to which subjective confidence ratings were pre-
dictive of objective accuracy. These ratings were treated as varying on an
ordinal 6-point scale, with “1” reflecting the least confident response (certainly
wrong) and “6” reflecting the most confident response (certainly correct) for

the 6-point scale, and “0” (wrong) and “7” (correct) for the 2-point scale.
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2.1.2 Results

2.1.2.1 Difficulty manipulation

A first set of analyses addressed the question of whether the difficulty manip-
ulation worked as anticipated. The first analysis focuses entirely on primary
task performance, that is responses regarding the dot stimulus. The left panel
of Figure 8 shows condition averages for correct RTs ranging from most diffi-
cult (red bar) to easiest condition (magenta bar). A difference of 2 dots is the
most difficult condition and should therefore have the slowest RT, whereas 20
dots difference should be expected to have the fastest RTs. The main effect
of difficulty was indeed reliable, F'(2.9, 66.7) = 23.3, p < 0.001, 7712, = 0.50.
There was also a reliable linear trend, F'(1, 23) = 45.9, p < 0.001, 7712) = 0.67.
Moreover, the right panel of Figure 8 shows that a pattern similar to the one
for correct RTs holds for error rates, where smaller dot differences lead to lar-
ger error rates, F'(9, 207) = 184.5, p < 0.001, nf, = 0.89. There was a reliable
linear trend, F'(1, 23) = 1033.6, p < 0.001, 2 = 0.98. These analyses indic-
ate that the difficulty manipulation worked as anticipated, with more difficult
conditions leading to slower correct RTs and higher error rates.

The second analysis focused on second-order performance, that is the
effect of difficulty on average confidence. This analysis assumes an interval
scale, as previously used in the confidence literature (see, for example, Baranski
& Petrusic, 1998). Figure 9 shows how confidence scaled with difficulty, for
both the 6-point (upper panels) and the 2-point scale (lower panels), separately
for correct (left panels) and error trials (right panels). Given the arbitrary
numerical coding of confidence levels, no direct comparison of the two scales is
possible and the analyses therefore had to be conducted separately. To avoid

missing data due to a low number of errors especially in the easier conditions,
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Figure 8: First-order performance as a function of difficulty, that is difference
in dots. Correct response times (RTs, left panel) and error rates (right panel)
ranging from the most difficult (red bar) to the easiest (magenta bar) condition;
ms: millisecond.

the data were aggregated across successive pairs of difficulty level (i.e., 2 and 4
formed the most difficult condition, 6 and 8 the second most difficult one, etc.).
Accuracy had a reliable effect on confidence, F'(1, 16) = 174.3, p < 0.001, 77]3 =
0.92, with confidence significantly lower on error than on correct trials, M., =
4.9, M,,, = 3.0. For correct trials rated on the 6-point scale, difficulty had a
significant influence on confidence, F'(4.2, 95.6) = 72.2, p < 0.001, 7712, = 0.76,
with higher confidence in easier conditions. There was a similar effect for error
trials, F'(1.9, 29.9) = 13.4, p < 0.001, 7712, = (.46, but in the opposite direction
with lower confidence for easier conditions. This was also reflected in a reliable
interaction between difficulty and accuracy, when analysing the data from
correct and error trials together, F'(2.1, 33.2) = 29.6, p < 0.001, 7712) = 0.65.
For the analysis of error trials, as well as the combined analysis, 7 participants
had to be excluded because they did not commit any errors in at least one of

the conditions.
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Figure 9: Confidence for the ten difficulty conditions (difference in dots) as
box plots; 50% of the data lie within the box, the thick black horizontal line
within each box indicates the median, the whiskers extend to 1.5 times the
interquartile range (IQR); outliers are displayed as dots; upper panels: 6-point
scale; lower panels: 2-point scale; left panels: correct trials; right panels: error

trials.
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The findings for the 2-options scale were similar to those of the 6-
options scale: Both correct, F(3.5, 80.6) = 28.8, p < 0.001, 7712) = 0.56, and
error trials, F'(4, 52) = 10.5, p < 0.001, 77]27 = 0.45, had a reliable effect of
difficulty, again in opposite directions, as expressed by a reliable interaction
between difficulty and accuracy in a combined repeated-measures ANOVA,
F(4, 52) = 18.2, p < 0.001, 7722, = (0.58. This analysis replicated the main
effect of difficulty, F'(4, 52) = 4.7, p < 0.01, 77}% = 0.26, as well as the effect
of accuracy, F(1, 13) = 152.7, p < 0.001, 775 = 0.92, with correct trials
being rated as more confident than incorrect trials, M., = 6.4, M., = 2.9.
Ten participants were excluded from the analysis of error trials, as well as the
combined analysis, due to the fact that they did not commit any errors in some
of the difficulty conditions.

These findings suggest that the difficulty manipulation used in this
decision paradigm affects how confident participants judged their choices, and
that this effect followed opposing patterns for correct and error trials. For
correct trials, easier conditions are associated with a higher level confidence,
presumably because more evidence in favour of the chosen response is available.
For errors, on the other hand, easier conditions are associated with lower mean
confidence and this is driven largely by increases in the number of detected
errors. This makes sense if we consider that most errors in the easier conditions
have been caused by premature responding. Such errors are more likely to be
detected (Scheffers & Coles, 2000), which means they are more likely to be

rated as certainly wrong.

2.1.2.2 Comparison of confidence scales

The following section focuses on the effects of the different confidence scales

on a range of dependent variables. Given that participants could not predict
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which scale would be shown after their response, these analyses focused entirely
on second-order performance.

All further analyses in this thesis assume that metacognition is worth-
while studying based on — amongst others — the assumption that those intro-
spective judgements of accuracy indeed covary with objective accuracy. I first
tested this assumption. The left panel of Figure 10 shows the error rates for the
six levels of confidence reported by participants. Participants show impress-
ive resolution and calibration of confidence: When they reported that they
were certainly wrong on a given trial, they had high error rates (M = 93.6%),
whereas when they said they were certainly correct they had almost never com-
mitted an error (M = 2.3%). Some participants did not make use of the entire
confidence scale, which would have resulted in the need to exclude them from a
repeated-measures ANOVA. These data were therefore analysed using a rank
correlation. Across participants, confidence correlated significantly with error
rate. The estimates of Spearman’s rank correlation ranged from r = —1.00 to
r = —0.83, ps <= 0.04. A paired-samples t-test was used to compare the error
rates for the two confidence categories for the 2-point scale, for which the data
can be seen in the right panel of Figure 10. There was a significant difference
in error rates between trials that were reported as correct versus trials reported
as incorrect, t(23) = 12.6, p < 0.001. Both scales were then analysed together,
that is for the 6-point scale, the first three levels were collapsed into a wrong
category and the second three levels of confidence into a correct category. Scale
was then submitted as a second factor into a repeated-measures ANOVA. This
analysis replicated the effect of subjective rating with trials rated as errors
having higher error rates, F'(1, 23) = 222.7, p < 0.001, 772 = 0.91. There was
no effect of scale, however, F' < 1, and no interaction between the two factors,

F <1.
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Figure 10: Error rates as a function of subjective confidence ratings for the
6-point scale (left panel) versus the 2-point scale (right panel).

These analyses indicate that this paradigm is a suitable tool to measure
metacognition: Confidence was diagnostic of task performance for both the
graded scale as well as the binary scale. However, any possible differences that
might exist between the two scales could not be detected with this analysis
and will be analysed in the course of this chapter with more detailed analyses.

Differences in error rates for different levels of confidence are reflective
of changes in confidence distributions for correct and error trials. A related
question is therefore whether the scale changes these distribution of confidence
judgements. Figure 11 shows confidence distributions for the different scales,
levels of difficulty and objective accuracy. From visual inspection, it is appar-
ent that the distributions for the correct versus error trials overlap more for
the difficult conditions (lower dot difference) compared to the easy conditions
(higher dot difference). This seems to be the case for both scales. To compare
the different scales statistically, data from the 6-point scale had to be aggreg-

ated with the first three categories forming the category wrong and the last
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three the category correct. These collapsed data are also presented in Figure
11. These data were then submitted to a repeated-measures ANOVA with
objective accuracy, confidence scale and level of difficulty as factors. Propor-
tions of trials classified as correct versus incorrect are of course complementary.
The statistical tests were therefore just calculated over the trials classified as
correct. Whether the current trial was objectively correct or incorrect had a
significant effect on whether the trial was classified as a correct response or an
error, F'(1, 23) = 354.2, p < 0.001, 77]3 = 0.94. There was also a significant
effect of difficulty, that is more trials were classified as errors in the more dif-
ficult conditions, F(1, 23) = 39.7, p < 0.001, 7, = 0.63. Moreover, there was
a significant interaction of objective accuracy with difficulty, that is people
discriminated between correct and error trials more clearly in the easier condi-
tions, F'(1, 23) = 179.4, p < 0.001, 77]% = 0.89. However, confidence scale had
no significant effect on metacognitive rating, F' < 1. There was no interaction
of objective accuracy with confidence scale, F' < 1, or difficulty with confidence
scale, F'(1, 23) = 1.3, p=0.27, 77;2) = 0.05, and also no three-way interaction,
F < 1. For this analysis, the data were collapsed to form two difficulty con-
ditions: an easy (2, 4, 6, 8, and 10 dots difference) and a difficult (12, 14, 16,
18, and 20 dots difference) condition, to avoid missing data in the cells. Taken
together, these results suggest that while difficulty shifted the distribution of
confidence levels reported by the participants, there was no such effect of the
scale with which this judgement of confidence was reported.

The previous analysis focused on the degree to which participants’
judgements distinguished correct and error trials (resolution). SDT measures
capture this ability to distinguish events coming from different classes — in
this case correct and error trials — in the sensitivity parameter. In the present

section, I focus on metacognitive sensitivity together with metacognitive bias;

76



Chapter 2

Percent

80

60
40
20

K

0

certainly
wrong

Percent
80
60
40
20

B

0

certainly
wrong

Percent
80

60

40

20

0

-

certainly
wrong

Percent
80
60
40
20

-
-
=

0

certainly
wrong

Percent
80

60

40

20

0

certainly
wrong

Figure 11:
confidence
confidence

2 Dots Difference

i

I
]

H
6-point scale
(collapsed)

correct repsonses
incorrect responses

B
F

probably
wrong
maybe
wrong
correct
probably
correct
certainly
correct
correct

@ ma

cale

6 Dots Difference

|

b
=
=
=

> 9D g5 >3 Z‘“ =3 B
85 38 52 §e 5t g ¢
8% €% E§ 88 gs 8
5 g
. 6-point scale
6-point scale (collapsed)

10 Dots Difference

-
-
=
=
=

> 20 9% >% >3 o 3

85 55 82 ge 5t 5 ¢

6% EZ 8 988 § 8 3 8

= = 6-point scale
6-point scale (collapsed)

14 Dots Difference

=

E

>2 292 838 28 =23 2 3

86 55 2 8L §¢ g £

8% €% E8 88 58 = 8

& s ° 6-point scale
6-point scale

(collapsed)

18 Dots Difference

[
—

-
il =0

B

o

o
]

H
6-point scale
(collapsed)

probably
wrong
correct
probably
correct
certainly
correct
correct

6-point scale

Percent
80
60
40
20
ol IL
2 3 >0
£ ¢ )
EI ] £3
8
2-point scale
Percent
80
60
40
20
o) IR
s £ 59
ER 5°
2-point scale
Percent
80
60
40
|
0
ER 5°
2-point scale
Percent
80
60
40
0
g E 58
ER 5%
2-point scale
Percent
80
60
40
20
0
B £3
8
2-point scale

4 Dots Difference

i

B
F

>0 9o 95 23 23 5
§% F5 £5 835 €% -
g
= IQ 6-point scale
6-point scale (collapsed)

8 Dots Difference

|

-

22 22 25 28 23 2 3
88 38 3L 8L §¢8 5 ¢
6% £E% E8 ©8 ‘§8 s 8
& 5 .
. 6-point scale
6-point scale P

(collapsed)

12 Dots Difference

-
-
-
-
=

8% E% £3 88 £8 -
5 5a° 8 .
6-point scale 6-point scale
(collapsed)

16 Dots Difference

i L

=
=
E

8% €% ES 88 §8 s
& s ° 6- polnt scale
6-point scale
(collapsed)

20 Dots Difference

>o 0o 9% >3 23 3
8% 85 5 88 3 R
5 587 8 .
6-point scale
6-point scale (collapsed)

i

2-point scale

]

2-point scale

wrong
correct

wrong
correct

wrong
correct

2-point scale

|

2-point scale

|

2-point scale

wrong
correct

wrong
correct

Distributions of confidence responses as a function of difficulty,
scale, and objective accuracy. Error bars represent within-subject
intervals for the confidence factor within each difficulty and scale
condition. The different panels represent difficulty condition, starting at the
most difficult condition (2 dots difference) in the top-most, left panel. Within
each panel, data from the 6-point scale is shown on the left and data from
the 2-point scale is shown on the right. In-between, collapsed data from the
6-point scale is shown, which was used to compare the scales directly.

77



Chapter 2

that is, how participants mapped their responses to the confidence scale. The
key question here is whether the 6-options scale led to reduced metacognitive
sensitivity and overall low confidence, due to participants’ confusion over the
different confidence categories. A second question is whether there is an effect
of difficulty on metacognitive insight. As described in the general introduction
(Section 1.7), different approaches exist to estimate type-II SDT parameters,
from which I chose to report metacognitive efficiency, M-ratio (Maniscalco
& Lau, 2012), and metacognitive bias, Broc (Kornbrot, 2006) for reasons
discussed above. I first tested whether participants’ metacognitive efficiency
differed for the two scales. The upper panel of Figure 12 shows meta-d’, that
is metacognitive sensitivity, as a function of difficulty and scale. There was
a significant effect of difficulty, F'(9, 207) = 41.0, p < 0.001, 775 = 0.64,
but no effect of confidence scale, F' < 1, and no interaction, F' < 1. But
does this really mean participants have better metacognitive insight in the
easier conditions? Given a metacognitively optimal observer — that is, an
observer who uses all available evidence from the first-order decision when
making the second-order choice — meta-d' reflects the level of evidence that
was available from the first order decision to arrive at the judgements of the

second-order choice — d'.

They therefore had to be compared to d’, which
is shown in the middle panel of Figure 12. This measure also scales with
difficulty, F'(9, 207) = 127.6, p < 0.001, 775 = 0.85. There was a difference
between the two scales, F'(1, 23) = 5.6, p = 0.03, 7]12) = 0.20, however, this
can only be assumed to be a type-I error, given that participants did not know
which scale would be shown while completing the first-order decision as the
trial order was pseudo-randomised. There was no interaction between the two

factors, F'(9, 207) = 1.1, p = 0.40, 77;% = 0.04.

Both measures can then be compared as a ratio, the logarithm of which
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Figure 12: Metacognitive sensitivity (meta-d’; top panel), first-order sensitiv-
ity (d’; middle panel), and the common logarithm of metacognitive efficiency
(log(M-ratio); bottom panel) as a function of difficulty and confidence scale.
Both meta-d’ and d' are coded in the same units. Values of log(M-ratio) larger
than 0 can be interpreted as super-optimal metacognitive behaviour.
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is shown in the bottom panel of Figure 12. Importantly, most averages are
greater than 0, meaning that participants had more evidence available during
their second-order judgement than during their first-order judgement, which
can be interpreted as evidence for post-decision processing. For the meta-
cognitive efficiency, there was no effect of difficulty, F' < 1, as predicted. Also,
no effect of scale was found, F' < 1, and also no interaction between the two
factors, F'(2.8, 59.7) = 1.0, p = 0.39, 7712, = 0.05. We can therefore neither
conclude that people have better metacognitive ability per se in easier condi-
tions, nor that their metacognitive ability is significantly better when recorded
on a binary scale. These findings furthermore suggest that the previously dis-
cussed effect of difficulty on confidence distributions was simply a reflection of
differences in first-order performance and disappears as soon as this is taken
into account.

One advantage associated with using the 6-options scale is that it is
possible to construct ROC curves with it. Such curves are shown in Figure 13,
again for five levels of difficulty. Difficulty had an effect on the area under the
ROC curve (AUC), F(2.2, 34.6) = 22.3, p < 0.001, 7 = 0.58. This parameter
is often used as a non-parametric measure of metacognitive accuracy with 0.5,
that is the diagonal, representing no metacognitive insight. Seven participants
had to be excluded from this analysis due to an error rate of zero in the easy
conditions.

These ROC curves can then be used to estimate SDT parameters, using
the non-parametric approach by Kornbrot (2006) with Agoc as a measure of
metacognitive sensitivity and Broc as a measure of metacognitive bias. I have
already discussed metacognitive sensitivity and efficiency as reflected in the
measures meta-d’ and log(M-ratio), respectively. I therefore do not present

analyses of Aroc, as this measure fails to take into account differences in
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Figure 13: ROC (receiver operating characteristic) curves for the five aggreg-
ated difficulty conditions. Hits: hit rate. FAs: false alarm rate.

first-order performance, as previously discussed. Metacognitive bias according
to Broc, however, is arguably the best approach to measure participants’
tendency towards relative over- (high Broc) or underconfidence (low Bgroc).
Given that this approach relies on ROC curves, we can again only use data
from the 6-point scale. From visual inspection of the data presented in Figure
14, it seems like Bgroc is higher for the easier conditions, in other words,
participants are more overconfident when the decision is easy compared to
when it is difficult. However, there was no such main effect of difficulty for
metacognitive bias, Broc, F(2.1, 39.5) = 1.0, p = 0.38, 12 = 0.05. The linear
trend was not reliable either, F' < 1. For this analysis, two steps were taken
to limit the number of excluded participants to four: First, to avoid division
by zero, padding with arbitrarily small number (0.0001) was used. Second,
difficulty was once more averaged over 5 conditions.

Taken together, these results suggest that both the 2- and the 6-point

confidence scale are suitable tools for measuring metacognition. The higher
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Figure 14: Non-parametric metacognitive bias, Broc, as a function of difficulty
and confidence scale. Larger values relative to lower ones suggest (relative)
overconfidence.
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measurement resolution gained by using a 6-point scale as opposed to a binary
scale therefore does not come at a cost of reduced metacognitive sensitivity.
However, the 6-point scale has the advantage that ROC curves can be con-
structed with it, and that non-parametric SDT measures can be constructed
from these ROC curves, including a bias measure that estimates whether par-
ticipants were over- or underconfident in their use of the confidence scale.

One final comparison for the two scales focuses on how quickly people
rated their confidence. Hick’s law states that when facing a larger number of
choice alternatives, participants take longer to decide (Hick, 1952). So even if
the more fine-grained 6-point scale does not lead to decreased metacognitive
efficiency, participants might still need more time to judge their confidence
on such a scale. This could arguably be problematic for paradigms in which
the overall duration of a trial is crucial. Confidence RTs for both scales are
presented in Figure 15. They were first analysed separately before they were
compared directly using a repeated-measures ANOVA.

Not every participant made use of the entire scale, which means there
was missing data for some participants, especially for the certainly wrong cat-
egory in case of correct trials as well as the certainly correct category in case
of error trials. For the 6-point scale (shown in the left panel of Figure 15) the
data were therefore aggregated over levels of confidence, so that two levels were
formed: The first three levels form the category wrong and the last three levels
form the category correct. This also allowed direct comparison with the 2-point
confidence scale. Data from both confidence scales were then submitted to a
repeated-measures ANOVA to test the effect of scale, confidence, and object-
ive accuracy on confidence RTs. Critically, there was no difference between
the two scales, F' < 1. People were, if anything, a few milliseconds slower in

responding to the 2-point scale, which goes directly against what we would
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Figure 15: Confidence RTs as a function of objective accuracy and subjectively-
rated level of confidence, presented for the 6-point scale (left panel) and the
2-point scale (right panel); ms: millisecond.

expect according to Hick’s law, Mgz = 825 ms; M, = 828 ms. Confidence,
F(1, 23) =29.4, p < 0.001, 7712, = 0.56 had a significant effect on confidence
RTs. This means that participants judged their trials classified as correct
faster than trials classified as errors, Mgigcor = 722 ms; Mgigerr = 931 ms.
There was no reliable effect of objective accuracy on confidence RTs, F' < 1.
This analysis furthermore revealed a reliable interaction between confidence
and accuracy, F'(1, 23) = 18.3, p < 0.001, 7]12) = 0.44. This reflects that
for correct trials, the just described effect of confidence on confidence RT
was larger, M., = 319 ms, compared to error trials, M,., = 99 ms. Ob-
jective accuracy and scale did not interact, F' < 1, and there was also no
three-way interaction, F(1, 23) = 2.2, p = 0.15, 5> = 0.09. There was,
however, a significant interaction between confidence and confidence scale,
F(1, 23) =124, p < 0.01, 7]12) = 0.35. This effect was caused by the fact that

the difference in confidence RTs between trials classified as correct versus trials
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classified as incorrect was larger in the 2-point scale, compared to the 6-point
scale, Mg = 154 ms; My = 264 ms.

Taken together, these results suggest that participants do not take
more time when judging their confidence on a 6- as opposed to a 2-point scale.
One possible interpretation would be that this absence of scale effects is due
to the fact that participants are able to prepare their confidence rating in
advance, that is while judging the primary stimulus. However, the fact that
confidence RT is sensitive to the influence of other factors, such as the effects
of confidence on confidence RT, speaks against this interpretation. Once more,
these findings suggest that using a more fine-grained scale such as the 6-point

scale does not impose additional processing costs on the participant.

2.1.2.3 Practice effects

It is useful to know how much practice participants required before a confidence
experiment. The present section therefore focuses on the question of how
confidence changes over blocks, that is whether participants gain better insight
into their responses as the experiment progresses and whether they also get
increasingly more confident (i.e., overconfident). Figure 16 shows how average
confidence developed over blocks, separately for correct and error trials. The
blocks start at block 2, which was the first one on which confidence judgements
were recorded. This analysis revealed a significant effect of objective accuracy,
F(1, 22) = 181.2, p < 0.001, ng = 0.89, with higher judgements for correct
compared to error trials, M., = 5.7 versus M., = 3.6. Critically, however,
there was no effect of block, F' < 1, and also no interaction, F' < 1. However,
if tested separately for correct and error trials, there was indeed a reliable
effect of block for correct trials, F/(2.6, 56.2) = 3.3, p = 0.03, n = 0.13, with

early blocks (blocks 2 to 8) associated with lower confidence ratings than late
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blocks (blocks 9 to 16), Mg, = 3.6 versus M, = 5.8. Such an effect was not
present on error trials, F' < 1. From all these analyses, one participant had to

be excluded because of not committing any errors in one of the conditions.
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Figure 16: Development of average confidence over blocks; 50% of the data
lie within the box, the thick black horizontal line within each box indicates
the median, the whiskers extend to 1.5 times the interquartile range (IQR);
outliers are displayed as dots. The first block in which confidence responses
were collected was block 2; left panel: correct trials; right panel: error trials.

The fact that confidence did not vary over blocks in general but just
for correct trials speaks for the fact that if any practice effects exist, they
should be reflected by changes in metacognitive efficiency, that is metacognitive
sensitivity in relation to first-order performance, and not bias. The data was
therefore analysed using an SDT approach.

The first analysis focused on metacognitive efficiency. As shown in
the upper panel of Figure 17, meta-d’ indeed varied reliably over blocks,
F(14, 322) = 1.8, p = 0.04, 772 = 0.07, with lower metacognitive sensitiv-
ity for the earlier blocks (blocks 2 to 8), compared to the later ones (blocks 9

t0 16), Mgy = 2.24 versus M = 2.57. There was also an effect of d’ (middle
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panel of Figure 17), F'(14, 322) = 1.8, p = 0.04, 77]3 = 0.07, however, in the
opposite direction, that is participants were getting less sensitive over blocks,
Meariy = 2.07 versus M, = 1.92. With type-II performance getting better
over time, and type-I performance getting worse, one can expect an increase
in metacognitive efficiency over blocks. Metacognitive efficiency, that is the
common logarithm of the M-ratio parameter and therefore meta-d’ divided
by d', is represented in the lower panel of Figure 17. Two participants had to
be excluded from the analysis on log(M-ratio) due to the fact that the negat-
ive values of M-ratio were estimated for these participants and the common
logarithm of a negative number is undefined. There was indeed a reliable effect
of block, F(14, 294) = 2.6, p = 0.001, 7712) = 0.11, with log(M-ratio) lower for
the earlier blocks (blocks 2 to 8), compared to the later ones (blocks 9 to 16),
Meariy = 0.01 versus M, = 0.12. Moreover, there was a reliable linear trend,
F(1, 21) = 11.9, p < 0.01, n; = 0.36. Taken together, these findings suggest
that metacognitive efficiency increased over blocks.

One possible mechanism, which might have led to increasing meta-
cognitive efficiency over blocks, would be the above-reported increases in correct-
trial confidence as opposed to error trials. However, one alternative mechan-
ism would be that participants increased their response speed over blocks.
Speeding leads increases in error rate, that is decreases in d’. A large propor-
tion of these errors can be assumed to be premature-response errors, which
are easy to detect and therefore result in higher resolution (Pleskac & Buse-
meyer, 2010), which in turn is equivalent to increases in metacognitive ef-
ficiency. Figure 18 shows how RTs decreased over blocks. This effect was
reliable, (3.6, 74.7) = 25.9, p < 0.001, 72 = 0.55, as was the linear trend,
F(1, 21) = 68.2, p < 0.001, 7712) = 0.76. This matches the finding that d’ de-

creased over blocks (see middle panel of Figure 17). These analyses excluded
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Figure 17: Metacognitive sensitivity (meta-d’; top panel), first-order sensitiv-
ity (d’; middle panel), and the common logarithm of metacognitive efficiency
(log(M-ratio); bottom panel) as a function of block, beginning at the second
block of the experiment as the first block did not contain confidence responses.
Both meta-d" and d’' are coded in the same units. Values of log(M-ratio) larger
than 0 can be interpreted as super-optimal metacognitive behaviour.
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the same two participants as above to match the analysis of the log(M,a0)
parameter. The first block was excluded for the same reasons. Taken together,
the source of the effect on metacognitive efficiency cannot be clearly identified,

but changes in response strategy constitute a likely explanation.
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Figure 18: Block-wise RTs for correct and error trials combined.

To sum up, these findings indicate that participants’ confidence ratings
changed over blocks and that this change affected participants’ metacognitive
efficiency. The improvement in metacognitive performance over blocks was
presumably at least partly caused a first-order speed-accuracy tradeoff, mean-
ing that participants opted for a more speed-focused strategy the longer the

experiment progressed.

2.1.3 Discussion

The present experiment tested the suitability of a perceptual decision-making
task for the purpose of studying decision confidence, as well as directly com-

paring two confidence scales. First, the findings suggest that both the binary,
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as well as the 6-point scale are sensitive tools for studying how confidence
judgements covary with actual task performance. Second, the results suggest
that the higher resolution gained by using a 6-point scale as opposed to a
binary scale does not come at a cost of reduced metacognitive sensitivity, as
reflected in analyses on actual error rates for different levels of confidence, con-
fidence distributions, and metacognitive efficiency and bias. Moreover, rating
one’s confidence on a scale with a higher resolution was not accompanied by
increased confidence RTs.

In the perceptual decision-making paradigm chosen in this experiment,
difficulty was varied in ten steps by changing the number of dots in the two
fields of which the one with more dots had to be chosen. This difficulty ma-
nipulation had a reliable effect on both on correct RTs, and on error rates.
Moreover, the easier a trial, the larger the difference between correct-trial and
error-trial confidence. This increased metacognitive insight for easier condi-
tions was caused, however, by the fact that participants had a chance to ac-
cumulate more evidence during the first-order decision — evidence that could
consequently be used in forming a metacognitive judgement. Moreover, diffi-
culty also did not affect participants’ tendency towards being more over- or un-
derconfident, as reflected in the analysis on metacognitive bias. These results
indicate that the decision paradigm used in this chapter is a suitable framework
when measuring metacognitive judgements with precise experimental control
over task difficulty, affecting only first- and not second-order performance.
This is advantageous because it means that metacognitive performance should
remain stable independent of how difficult the primary task is. Interestingly,
these findings stand in contrast to the often-replicated hard-easy effect, which
describes the finding that easier conditions are often accompanied by under-

confidence while participants often exhibit overconfidence in the most difficult
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conditions (Pleskac & Busemeyer, 2010; Gigerenzer, Hoffrage & Kleinbolting,
1991; Juslin, Winman & Olsson, 2000; Baranski & Petrusic, 1994). Such an
effect does not seem to be present for the paradigm used in this experiment.

These findings regarding metacognitive bias highlight another advant-
age of using non-binary scales: The non-parametric SDT method (Kornbrot,
2006) chosen to estimate these bias parameters, Broc, is based upon ROC
curves. Such curves cannot be constructed with a binary scale and metacogni-
tive bias parameters can therefore not be estimated with such a scale. The
present manipulation of difficulty did not lead to an effect on bias, as dis-
cussed above, but other experiments in this thesis will focus on these over-
and underconfidence effects, for example EXPERIMENT 6.

One final goal of the present study was to assess whether participants
get better at judging their confidence over trials. The results suggest that
participants get indeed more confident in their correct decisions over blocks
(but not their incorrect decisions), but this was not reflected in an increase
in metacognitive efficiency, presumably caused by the fact that participants’
RTs decreased over the course of the experiment, resulting in more premature
responses and therefore more easy-to-detect errors. Even if this effect is ex-
plained by first-order performance, it needs to be taken into account because
it might introduce unnecessary noise into the metacognition data. There is
not much that can be done to avoid this overall strategy change, but we can
conclude that changes in participants’ response strategy have to be monitored
over the course of the experiment and that re-instructing participants to keep
sufficient balance between speed and accuracy might become necessary in in-
dividual cases. Moreover, these block effects suggest that it is necessary to in-
clude at least one practice block in which participants get adjusted to judging

their confidence and thus settling into their speeded response strategy of the
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task more readily.

All these results seem to point towards the finding that metacognitive
judgements are relatively robust and that the higher resolution for the 6-point
scale comes at no cost that might reflect on the key dependent variables, such

as metacognitive sensitivity, metacognitive bias, or confidence RTs.

2.2 EXPERIMENT 2: Influence of timing of confi-
dence judgements

With the second experiment in this chapter, I manipulated the time at which
participants are asked to rate their confidence, that is the RSI between the
primary choice and the onset of the confidence scale. Participants were not
allowed to rate their confidence prior to the onset of the confidence scale and
they were furthermore instructed to respond as quickly as possible upon onset
of the confidence scale. Therefore, we can assume that manipulating RSI
affects the time participants have to judge their confidence.

The results of the present experiment have practical significance in
terms of whether confidence measures are sensitive to an RSI manipulation.
This point is by no means trivial — if RSI did not affect confidence then exper-
imenters could opt for an immediate onset of the confidence scale immediately
after participants made their primary response to shorten the duration of a
trial and therefore decrease the length of the entire experiment. On the other
hand, we could instead find a time window for which metacognitive insight is
maximal. For instance, in the metamemory literature a similar effect has been
found judgements of learning, as briefly mentioned in the general introduction
(Section 1.5): Judgements of learning require participants to judge the per-

centage of correctly remembered learning material — such as word pairs — in an
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upcoming test after having previously studied them. These judgements can be
made either immediately after having learned the pair association (immediate
judgement of learning) or a few seconds or minutes later (delayed judgement
of learning). Delayed judgements of learning have higher resolution compared
to immediate judgements of learning (Nelson & Dunlosky, 1991).

The question of whether confidence is sensitive to an RSI manipula-
tion also bears on an important theoretical distinction, that is the difference
between decisional and post-decisional locus models (Yeung & Summerfield,
2012, 2014), as previously discussed in Section 1.5. Decisional locus models
assume that information that was accumulated up to when the decision was
formed then also forms the basis for the confidence judgement (e.g., Kiani &
Shadlen, 2009; Vickers & Packer, 1982; Gherman & Philiastides, 2014). A
consequence that follows from this model is that confidence judgements made
immediately after the primary decision might be more accurate compared to
slightly delayed confidence judgements due to memory decay: Metacognition
can be regarded as an efference copy, or “corollary discharge” (Middlebrooks
& Sommer, 2011, p. 11). This means that the memory trace of the just-
performed action could presumably be forgotten over time. Such forgetting
could be caused by signal decay, as assumed in many prominent theories of
short-term memory (Barrouillet, Bernardin & Camos, 2004; Burgess & Hitch,
2006), or because it becomes more difficult to retrieve a memory trace due to
increased interference with progressing time (Brown, Neath & Chater, 2007).
Whether confidence is assumed to be based on a balance-of-evidence mechan-
ism or another internal cue such as decision time — this detrimental effect on
metacognitive accuracy is a natural prediction of decisional-locus models.

Post-decisional locus models, on the other hand, assume that even after

the primary decision was formed, information accumulation continues with
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the same mechanisms as the primary decision until a confidence judgement
is made (e.g., Pleskac & Busemeyer, 2010; Van Zandt & Maldonado-Molina,
2004). Consequently, more time to accumulate post-decision evidence (that
is, longer RSIs) should lead to higher metacognitive accuracy because parti-
cipants have an ultimately larger number of samples on which they can base
their confidence rating. More evidence samples means that the overall noise
in this rating is reduced. In extreme cases, such additional evidence might
even lead to reversals of the initial choice, or changes of mind. For instance,
the model proposed by Van Zandt and Maldonado-Molina (2004) assumes two
counters representing the choice options. The counter that reaches the decision
threshold first determines the choice, however, evidence accumulation contin-
ues towards a second threshold representing the confidence rating. If the losing
counter accumulates a sufficient amount of evidence during this post-decision
processing stage, it can reach the second threshold first. In such a case, the
participant would signal a change of mind, that is low confidence.

In summary, in the present experiment, I manipulated RSI to test
whether such a manipulation had an effect on metacognitive processing. If
such an effect was found, then it would have important theoretical implica-
tions regarding the question of whether confidence is formed at a decisional
or a post-decisional locus: If participants were found to have highest meta-
cognitive insight at shorter RSIs then this could be interpreted as preliminary
evidence in favour of a decisional-locus model. If, on the other hand, they
show higher metacognitive accuracy for longer RSIs then that is most con-
gruent with a post-decision processing locus. In this latter case, increasing
the time between the response and confidence judgement should increase the
metacognitive accuracy because that the brain had more time to accumulate

additional information, potentially overcoming its own errors.
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I chose two difficulty conditions from the previous experiment. The
reason for including two levels of difficulty stems from the idea that — accord-
ing to the post-decision processing model — the same decision processes are
involved in forming the confidence judgement. This would have the effect that
for more difficult trials, trials with a lower drift rate, confidence judgements
take more time to develop. This is also assumed in the evidence accumulation
model by Audley (1960). If confidence RTs are held constant, as was the aim
in the present paradigm, then metacognitive accuracy should be even more
impaired at shorter RSIs for the difficult condition. This hypothesis therefore

predicts an interaction between difficulty and RSI.

2.2.1 Methods

2.2.1.1 Participants

Twenty participants were tested, who were between 18 and 23 years old (M =
18.6). All participants were undergraduate students receiving course credit
for the 40 minute duration of the experiment, including instruction and de-
briefing. All procedures were approved by the local ethics committee, and all
participants gave informed consent prior to the start of the experiment. Fif-
teen participants were female, one participant was left-handed. All had normal

or corrected-to-normal vision.

2.2.1.2 Task and procedure

The paradigm used in this experiment was very similar to the one described
in EXPERIMENT 1. I will therefore only report where it deviated from the
methods described in Section 2.1.1.2. In the present experiment, only two

difficulty conditions were used, the 6- and 10-dots difference conditions. The
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findings of EXPERIMENT 1 suggest that these conditions lie closest to 15 and
25% errors, therefore resulting in a more easy and a more difficulty condition.
Furthermore, only the 6-options confidence scale was used.

The experiment began with one block of dot-task practice. This was
the only block with feedback tones and longer I'TIs following mistakes, as in
EXPERIMENT 1. The second block introduced participants to the confidence
scale, which appeared at a constant 600 ms post-response. Participants re-
ceived written instruction that there would not be a time limit for this judge-
ment but that they were encouraged to respond according to their first impres-
sion. The third, and last practice block introduced the five RSI durations of
100, 300, 600, 1000, 1500 ms, also letting participants know that from now on
the confidence scale would appear on screen at varying times after they made a
response. The sequence of such a trial is shown in Figure 19. Participants were
instructed to give their answer “as soon as the scale is presented on screen”.
They were furthermore instructed that they would not be able to rate their
confidence before the scale appeared on screen. The order of the RSIs was
randomised over trials. All three practice-blocks were 40 trials long. Following
these practice blocks, they then completed ten experimental blocks, similar to
the third practice block but 60 trials long.

As in the previous experiment, participants were given performance
feedback at the end of each block, that is their average correct RTs and error
rates. If this error rate was lower than 10%, a sentence was presented under-
neath them: “Please keep in mind to react as quickly as possible!” If, on the
other hand, their error rate was higher than 25%, this sentence read “Please

'77

try to be more accurate!” instead.
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Dot Stimulus
(160 ms)

certainly probably maybe maybe probably certainly

Decision
(up to 1520 ms)

wrong  wrong  wrong - correct correct  correct

Figure 19: Methods of the dot task. Participants had to say which of two
fields contained more dots by pressing the left or right key. A 6-point verbal
confidence scale appeared on screen after a variable duration. RSI: response-
stimulus interval; ITI: inter-trial interval; ms: millisecond.
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2.2.2 Results

2.2.2.1 Replications

As in the previously reported experiment, there was a significant effect of diffi-
culty on correct RTs, F(1, 42) = 10.3, p < 0.01, 775 = 0.20, with the more dif-
ficult condition eliciting slower RTs compared to the easier one, Mg = 490 ms
versus Mg = 472 ms. A between-experiment ANOVA, using experiment as a
between-subject factor and difficulty as a within-subject factor revealed that
— compared to the results of the previous experiment — correct RTs are similar
but numerically faster, Mg = 508 ms versus Mg = 486 ms, F' < 1. The factors
experiment and difficulty did not interact, F' < 1. Error rates also differed over
levels of difficulty, F/(1, 42) = 164.3, p < 0.001, 775 = 0.80, with higher error
rates for the more difficult condition, Mg = 24.6% versus My = 14.6%. These
results were again very similar to the previously reported study, Mg = 23.3%
versus Mg = 12.9%, F < 1. The factors experiment and difficulty again did
not interact, F’ < 1.

Figure 20 shows how participants’ confidence once again reflected ob-
jective performance: When participants reported that they were certainly
wrong, they indeed had an average error rate of M = 87.6%, whereas for trials
classified as certainly correct, error rates were very low, M = 2.7%. This effect
was reliable, as revealed by significant Spearman’s rank correlations for each
participant individually, ranking from » = —1.00 to r = —0.89, ps <= 0.02,
mirroring the findings from the previous experiment.

Figure 21 shows the distributions of responses as a function of confi-
dence and objective accuracy, both for the difficult (left panel) and the easy
(right panel) condition. As in the previous study, the proportions of trials

classified as correct versus incorrect are complementary and the statistical
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Figure 20: Error rates as a function of subjective confidence ratings.

tests are therefore calculated over proportion of trials classified as correct
(aggregated over levels 4 to 6 on the confidence scale). There was a signi-
ficant effect of objective accuracy on whether or not a trial was classified as
correct, F(1, 19) = 278.6, p < 0.001, 7, = 0.94, with more correct tri-
als being classified as correct compared to error trials, M., = 90.9% versus
M,,, = 48.6%. There was also a reliable effect of difficulty on the propor-
tion of trials classified as correct, F'(1, 19) = 6.8, p = 0.02, 1713 = 0.26,
as well as a significant interaction between difficulty and objective accuracy,
F(1, 19) = 70.8, p < 0.001, 772 = (.79, that is people discriminated between
correct and error responses more clearly in the easier condition. Taken to-
gether, all these findings replicated the results from the previous study, lead-
ing to the conclusion that the perceptual decision-making paradigm with its

dot-difference difficulty manipulation yields stable, replicable results.
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Figure 21: Distributions of confidence responses as a function of difficulty and
objective accuracy. Error bars represent within-subject confidence intervals for
the confidence factor within each difficulty condition. The left panel presents
data from the difficult (6 dots difference) condition and the right panel presents
data from the easy (10 dots difference) condition.

2.2.2.2 Effects of RSI

The goal of this next section is to analyse the effect different RSIs had on
metacognitive processing. It was first analysed whether participants’ responses
followed the onset of the confidence scale independent of RSIs. This matters
because participants had been instructed to respond immediately following
presentation of the scale. Response slowing in the confidence response as a
function of RSI might reduce possible effects of RSI.

Figure 22 shows confidence RT as a function of RSI and objective
accuracy. The fact that the lines have a negative slope means that participants
took more time to give a confidence response on trials with a short period of
time between the primary response and the onset of the confidence scale. This

effect was statistically reliable, F'(1.5, 27.7) = 53.0, p < 0.001, 7712) = 0.75,
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together with a reliable linear trend, F'(1, 18) = 67.3, p < 0.001, 7]3 = 0.79.
Moreover, there was also a reliable effect of objective accuracy, F'(1, 18) =
16.7, p < 0.001, 77;2) = 0.48, reflecting that participants had longer confidence
RTs on error trials, M,,, = 521 ms, compared to correct trials, M., = 448 ms.
The effect of difficulty on confidence RT was not reliable, F' < 1, replicating
Baranski and Petrusic (1998). There was a marginally significant interaction
between objective accuracy and difficulty, F'(1, 18) = 4.2, p = 0.05, 7712, =0.19,
indicating that the confidence RT difference between correct and error trials
was smaller for difficult, Mg = 40 ms, compared to easy trials, My = 108 ms.

None of the other interactions was found to be reliable, F's <= 1.9, p >= 0.18.

RT (ms)
600
400
200 Difficult (6 dots difference), correct
Difficult (6 dots difference), error
Easy (10 dots difference), correct
0 Easy (10 dots difference), error
o o o o o
o o o o )
-— ™ (o] o (o]
RSI (ms)

Figure 22: Confidence response times (RTs) as a function of objective accuracy
and response-stimulus interval (RSI). No error bars are shown because they are
somewhat overlapping and hinder interpretation of the figure; ms: millisecond.

The effect of RSI on confidence RTs could presumably be interpreted as
support for post-decision processing — if participants had made up their mind
about their confidence rating during the primary decision, there would have

been no slowing for shorter RSIs. However, at the same time, this main effect
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of RSI poses a problem for the main analyses of this study. In fact, this effect
can be thought to decrease the RSI manipulation, given that participants to
some extent evened out the RSI manipulation by taking more time when the
RSI was short and vice versa. However, if we adjust the RSI levels by their
respective confidence RTs, adding the average RT to each of them, this gives
us conditions of 805, 867, 1005, 1338, and 1861 ms, which still provides a range
of different timings at which confidence responses are given. I will therefore
analyse the effects of RSI, keeping in mind that the power of the design might
be somewhat reduced.

Figure 23 shows average levels of confidence as a function of RSI, dif-
ficulty and objective accuracy. The upper two panels show the difficult con-
dition (6 dots difference) and the lower panels show the easy condition (10
dots difference). The left panels display data from correct trials and the right
panels data from error trials. All data were submitted to a repeated-measures
ANOVA with objective accuracy, difficulty, and RSI as factors and average
confidence as a dependent variable.

This analysis replicated several effects already found in the previous
experiment, for example higher confidence for correct trials compared to error
trials, F'(1, 18) = 257.9, p < 0.001, nf, =0.93; M., = 4.7 versus M,,, = 3.3.
There was also an effect of difficulty, F'(1, 18) = 4.6, p < 0.05, 77]2) = 0.20,
despite this not showing in the overall averages, Mg = 4.0 versus My =
4.0. Also, there was again a significant interaction between the two factors,
F(1, 18) = 243.6, p < 0.001, 77]3 = 0.93. This interaction was caused by the
fact that the difference between error- and correct-trial confidence was larger
for the easy, Mg = 1.78, compared to the difficult condition, Mg = 1.07.

The key question here was whether the RSI manipulation had an effect

on confidence, or more specifically on how confidence on error and correct trials
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Figure 23: Confidence as a function of difficulty, RSI, and objective accuracy
presented as box plots; 50% of the data lie within the box, the thick black
horizontal line within each box indicates the median, the whiskers extend to
1.5 times the interquartile range (IQR); outliers are displayed as dots; upper
panels: difficult condition (6 dots difference); lower panels: easy condition (10
dots difference); left panels: correct trials; right panels: error trials.
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diverged. According to the post-decision processing hypothesis, additional
time should increase the accuracy of metacognitive judgements. If so, we
should find correct-trial confidence to increase with longer RSIs and error-trial
confidence to decrease with longer RSIs. Statistically, this should be expressed
in an interaction between the factors RSI and objective accuracy. Importantly,
however, there was no significant effect of RSI, F' < 1, and no reliable linear
trend, F(1, 18) = 2.5, p = 0.13, 7712) = 0.12. There was also no reliable
interaction of RSI with any of the other factors, F's <= 1.5, ps >= 0.20.

There might not be an effect of RSI on raw confidence, but that does
not mean that RSI does not affect metacognitive accuracy, which is what the
next analysis will focus on. Figure 24 shows estimated SDT parameters as
a function of difficulty and RSI, using the approach by Maniscalco and Lau
(2012). Metacognitive sensitivity meta-d’ is presented in the upper panel. Rep-
licating the effects reported in Section 2.1.2.2, there was an effect of difficulty,
F(1, 19) = 28.0, p < 0.001, 7712, = 0.60, with higher type-II sensitivity for the
easy (10 dots difference) condition, Mg = 2.2 versus Mo = 3.2. There was no
effect of RSI, however, F'(4, 76) = 1.4, p = 0.25, 7]]% = 0.07, no reliable linear
trend, F(1, 19) = 1.9, p = 0.18, 12 = 0.09, and no interaction, F' < 1.

As mentioned above, this measure should be compared to type-I sens-
itivity, d’, which is presented in the middle panel of Figure 24. As in the pre-
vious study, this measure varied reliably with difficulty, F'(1, 19) = 153.0, p <
0.001, 72 = 0.89, with higher sensitivity for the easier (10 dots difference)
condition, Mg = 1.6 versus Mo = 2.4. There was also no effect of RSI and no
interaction, F's < 1. There was also no reliable linear trend for RSIs, F' < 1.

The lower panel of Figure 24 depicts metacognitive efficiency, that is
the common logarithm of the ratio between meta-d’ and d'. Values larger

than zero mean that more information was used for the second-order decision
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Figure 24: Metacognitive sensitivity (meta-d’; top panel), first-order sensitiv-
ity (d’; middle panel), and the common logarithm of metacognitive efficiency
(log(M-ratio); bottom panel) as a function of difficulty and RSI. Both meta-d’
and d’ are coded in the same units. Values of log(M-ratio) larger than 0 can
be interpreted as super-optimal metacognitive behaviour.
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compared to the first-order decision. Two participants had to be excluded from
this analysis. For these participants the ratio between second- and first-order
sensitivity was zero or negative and the logarithm of this ratio could therefore
not be calculated. Critically, there was no effect of RSI, F'(4, 68) = 1.6, p =
0.17, nﬁ = 0.09, and no linear trend, F'(1, 17) = 2.4, p = 0.14, 7712) = 0.12.
A post-decisional locus model would predict metacognitive efficiency to be
lowest at the shortest RSIs, however, here I found metacognitive efficiency to
be lowest for the 600 ms long RSI and higher for shorter and longer RSIs. The
quadratic trend was only marginally reliable, though, F'(1, 17) = 3.2, p =
0.09, 775 = (0.16. There was also no effect of difficulty and no interaction effect,
F's < 1. The linear trend was also not reliable, F' < 1. This suggests that the
apparent difference in metacognitive sensitivity seems to stem from differences
in sensitivity in the first-order decision. Taken together, these results indicate
that how long participants had to wait before rating how confident they were
does not have an influence on the accuracy of their rating, at least not within
the time range studied in this experiment.

There exists yet another possibility by which RSIs could affect meta-
cognitive processes — by influencing participants’ metacognitive bias, that is
how they map the confidence scale to their responses independent of how
well these responses distinguish between correct and error trials. According
to the post-decision processing hypothesis mentioned above, the longer par-
ticipants wait, the more evidence they accumulate. One could assume that
already integrated evidence influences how participants focus their attention,
actively searching for more confirmatory evidence, that is evidence support-
ing the choice they have already made. According to this hypothesis, people
should show more overconfident behaviour for longer RSIs, reflected in higher

values of Broc. Figure 25 shows the values for this parameter as a function
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of RSIs and difficulty. The effect of difficulty was not reliable, F' < 1. This
matched the findings from the previous study. Critically, there was no effect
of RSI, F (4, 60) = 1.1, p=0.35, 77;2) = 0.07, and also no reliable linear trend,
F < 1. There was also no interaction, F'(4, 60) = 1.1, p = 0.39, 7712) = 0.07.
Four participants had to be excluded for this analysis given that they did not
have enough observations in one of the data cells. These findings suggest that
the time participants had to wait before judging their confidence did not affect

their over- or underconfidence.

Difficult (6 dots difference) Easy (10 dots difference)
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Figure 25: Non-parametric metacognitive bias, Broc, as a function of diffi-
culty and response-stimulus interval (RSI). Larger values relative to lower ones
suggest (relative) overconfidence; ms: millisecond.

2.2.3 Discussion

This study replicated a range of effects found with EXPERIMENT 1. There
were only two levels of difficulty here, but they resulted in similar RTs and
error rates as in the previous study, and difficulty itself had a similar effect

on correct RTs as well as error rates. Once more, participants displayed good
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metacognitive resolution; that is, they were more likely to rate a trial as highly
confident when they were correct compared to when they had committed an
error. Taken together, these findings indicate that the paradigm used in the
previous and present experiments is a suitably robust tool to measure decision
confidence.

The second part of the analyses focused on the effect RSIs might have
on metacognitive processing, the main purpose of the present experiment.
However, the analyses did not reveal any effects of RSIs on raw average con-
fidence, metacognitive efficiency, or metacognitive bias. These findings can
therefore be interpreted as support for the idea that when using retrospective
confidence paradigms, differences as to when participants rated their confi-
dence has little or no influence on these confidence judgements.

The question arises as to whether these findings should be understood
as evidence against the general idea of post-decision processing. I would argue
that such a conclusion cannot be drawn from these data — only that if post-
decision processing contributes to confidence, as previous studies have shown
(see Yeung & Summerfield, 2014, 2012, for a review), such processing must
happen very fast after the decision is formed. The manipulation here started
only at an RSI of 100 ms, which was presumably not fast enough to measure
any such effect of post-decision processing. Moreover, the time participants
took to rate their confidence varied over RSIs, which could be interpreted as
direct evidence in favour of a post-decision processing account: In case of the
shorter RSIs, participants took more time to rate their confidence, presumably
finishing internal confidence judgement processes after the choice had been
made.

There is one important confound that could presumably have reduced

the power of the present experiment’s RSI manipulation: Despite all attempts
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to keep confidence RTs as constant as possible — by imposing an explicit speed
pressure on participants for confidence RTs, while at the same time asking
participants not to rate their confidence before the scale was presented — these
confidence RTs were found to vary with RSI. However, if the extent to which
this was the case is used to correct the RSIs, there is still a substantial difference
in RSI and therefore the manipulation might still have worked despite its power
being somewhat reduced.

There were, however, certain limitations with this study, which could
be addressed in future studies. One of these limitations concerns the problem
of motor preparation of the confidence response: Participants could possibly
have formed their judgement as early as immediately after the response, then
using any available time to prepare their motor response. This would lead to
faster confidence RTs for the longer RSI conditions, which was indeed the case
(see Figure 22). In future studies, the design should therefore be improved
to be able to exclude such a possibility. This could be done by changing
the confidence scale, similar to the wheel shown in Figure 26. The fraction
highlighted as the confidence scale could change position and width on every
trial, thereby not allowing participants to motorically prepare for their rating
response. Another improvement would aim at imposing more speed pressure
for the confidence responses — both by means of a temporal deadline and a
reward scheme that lets participants earn extra credits for responding within
a certain time window. The third improvement was already mentioned above
— the range of RSIs used should be extended to include a fastest RSI level
(scale is shown immediately after primary choice is made) as well as longer
RSIs (2 to 3 seconds or more). The latter change would be aimed at testing
the memory-decay hypothesis more directly in future studies.

Taken together, it can be concluded from the findings of EXPERIMENT 2
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Figure 26: Circular confidence scale, which I suggested to address the issue
of motor preparation as discussed in the main text. Participants judge their
confidence on this wheel, of which a fraction is highlighted to represent the
confidence scale. On each trial, this fraction would be located somewhere
random on the wheel with a random width. Participants judge their confi-
dence by clicking on a location on this wheel using a computer mouse. The
starting point of the cursor is at the centre of the circle to ensure the precise
measurement of confidence RTs.
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that the precise timing as to when a metacognitive judgement is required does
not have a reliable influence on the accuracy of such judgement. This suggests
once more that confidence judgements are reliable and stable and can be recor-
ded easily. Moreover, this means that studies on confidence can be replicated

more easily than expected.

2.3 EXPERIMENT 3: Does judging confidence cre-
ate task-switching costs?

The third methodological issue on which this chapter focuses concerns the
effect introspecting might have on primary processing. Despite being one of
the main methods of early experimental psychology (James, 1890), the age of
behaviourism brought an intense skepticism towards this method which still
holds today (see Wilson & Schooler, 1991; but also: Petitmengin, Remillieux,
Cahour & Carter-Thomas, 2013; Jack, 2013). One reason for this skepti-
cism is the assumption that judging one’s confidence constitutes another task,
and therefore an additional cognitive burden. In support of this hypothesis,
several studies have reported findings of increased primary choice RTs when
confidence responses were required (Petrusic & Baranski, 2003; Baranski &
Petrusic, 2001; Griitzmann, Endrass, Klawohn & Kathmann, 2014). These
findings could suggest that confidence judgements impair first-order perform-
ance. Despite not finding a speed-accuracy trade-off, however, Griitzmann
et al. (2014), offered a different interpretation for this effect, assuming that
increases in choice RTs were instead caused by participants assuming a more
accuracy-focused strategy when facing confidence judgements. Such a strategy
shift could presumably be caused by the fact that in a confidence rating condi-

tion, attention is more focused on error monitoring, using additional cognitive
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resources. This interpretation was also supported by findings of enhanced
error-related EEG activity for conditions in which participants were required
to rate their confidence (Griitzmann et al., 2014; Ullsperger & Von Cramon,
2006).

Yet another study suggests a co-variation of first- and second-order re-
sponse strategy: Steinhauser and Yeung (2010) reported a trend of an effect of
higher error rates in a condition in which a reward structure encouraged parti-
cipants to adopt a low error signalling criterion, that is to avoid error-detection
misses. Conversely, error rates were lower in a condition that encouraged them
to adopt a high error signalling criterion, that is to be more cautious about
their error signalling. In other words, if participants opted for a more cautious
error signalling strategy, their first-order response strategy was also more cau-
tious, whereas a more liberal error signalling strategy was associated with a
more liberal first-order response strategy.

All of these findings seem to suggest that asking participants to rate
their confidence leads to slower responses in the primary decision task, which
could be due to a more accuracy-focused response strategy. A recent study
by Hartwig and Dunlosky (2014, Experiment 3), on the other hand, led to the
conclusion that no such difference exists between conditions in which people
judge their confidence or just focus on the first-order decision task. In their
study, half of the participants were required to judge their confidence after
every response, whereas the second group did not perform such a judgement.
The authors reported that there was no difference between the two groups. As-
suming that judging one’s confidence does not affect primary task performance
is by no means implausible. For example, it could be assumed that confidence
judgements are intrinsic in the decision process, given that they emerge from

the same processes (see also Gherman & Philiastides, 2014). Reading out such
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confidence measures would then therefore not pose an additional burden.

Taken together, these findings paint a somewhat mixed picture of
the influence that confidence instructions might have on first-order perform-
ance. EXPERIMENT 3, therefore assessed to what extent making metacogni-
tive judgements affects first-order performance. The key question was whether
metacognitive processes are fundamentally different from basic task processes.
If this was the case, then we should expect to find that making a judgement
of confidence impairs task performance, similar to switch costs in the domain
of task-switching studies (Monsell, 2003). Switch costs can be found when
participants start a new task, reflected in higher RTs and error rates compared
to task-repetition trials. It has been argued that switch costs arise from the
necessity of reconfiguring the current task-set to match that of the new task,
and thus reorganisation of mental resources (Allport et al., 1994; Jersild, 1927;
Meiran, 1996). In the present experiment, I compared three experimental con-
ditions, each of which was presented sub-block-wise; a baseline condition with
just the primary choice task, a confidence condition similar to the previous two
experiments, and an explicit task-switching condition in which participants
had to alternate between the primary decision task and a second, unrelated
task: After a dot decision, participants were shown a digit presented in one
out of six possible locations on screen and they have to press one out of the
six keys that are also used for the confidence judgement — without imposed
time pressure to match the characteristics of the confidence judgement. If
making confidence judgements relies on different cognitive processes, then we
could expect to find switch costs if comparing the baseline to the confidence
condition, similar to those observed when participants alternated between the
primary decision-making task and an unrelated secondary task.

In the present experiment, different conditions were presented blocked,
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as it is done in most confidence studies. This means that participants could
always predict whether the current dot decision was going to be followed by a
pause, a confidence judgement, or a digit-task stimulus. People were therefore
able to prepare their switches, which presumably reduced switch-costs. How-
ever, one could argue that residual costs could still be expected, like the overall
mixing costs that arise from letting participants alternate between two types of
trials. These mixing costs are confounded with switch costs, in Jersild’s method
(Monsell, 2003). To my knowledge, the question of whether confidence judge-
ments decrease task performance has not been addressed with such carefully

selected baseline conditions.

2.3.1 Methods

2.3.1.1 Participants

I tested 24 participants, 18 of whom were female, and one was left-handed.
The participants were 18 to 23 years old (M = 19.6). All participants received
identical written instructions presented on screen. The first 4 participants
also received verbal encouragement to focus on the speed of their responses
rather than their accuracy, but this strategy was abandoned from participant 5
onwards. This change in instruction strategy was reflected in faster overall dot-
task RTs for the first 4 participants compared to the others, My;.ss = 388 ms
versus M;,s; = 536 ms. This difference was reliable according to a Welch’s
t-test for unequal variances, ¢(19.9) = 6.4, p < 0.001. However, given that
the present design focused on within-subject effects, participants are analysed
together.

All participants had normal or corrected-to normal vision. All gave in-

formed consent prior to the experiment, and testing was approved by the local
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ethics committee. Each session lasted approximately 60 minutes, including the
time to instruct prior to and debrief after the experiment. Three participants
were paid for taking part in the study (£8); the remaining participants received

course credit.

2.3.1.2 Task and procedure

The methods of the third experiment were again very similar to EXPERIMENTS
1 and 2. This section will therefore only highlight in what way the methods
differed from the previous studies.

There were three different conditions in this experiment. The first was
a baseline condition with the dot task alone: Participants made a dot decision
and were then shown a blank screen with a fixation cross for a variable length
of time before the next stimulus was presented. This condition will be referred
to as the Pauses condition. The durations of these pauses were sampled from
a distribution at the beginning of each block. This distribution was formed by
taking the mean and standard deviation of the confidence RTs and the RTs of
the other task (see below) from the last block. These RTs were then averaged,
so that one mean and one standard deviation for an exponentially modified
Gaussian distribution were obtained. From this distribution, pauses were then
sampled (bounded at 0 and 1500 ms). In the second condition, confidence
judgements were measured on a 6-option scale. This condition will be referred
to as the Confidence condition. The third condition required participants to
alternate between the dot-task and an unrelated digit task with no time limit,
the Digit condition. Participants had to press one out of six buttons according
to a number shown on screen. This number was presented in one out of six
horizontally-arranged rectangles, but the position of the number had to be

ignored by the participant. After pressing a key, there was a 1000 ms blank
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with the fixation cross before the next dot stimulus was shown. There were
only incongruent digit-position pairings, that is the digit “1” was never shown
in the first position, and so forth. Figure 27 shows all three conditions. The
dot task in all of these conditions had a difference of 10 dots, equivalent to the
easy condition in EXPERIMENT 2.

Only one out of the three conditions was presented within each sub-
block, that is each block contained 60 trials and there were three sub-blocks
with 20 trials each. Participants were told the order of the sub-blocks was
random, but they would know which would follow next. Before the start
of each sub-block, there was therefore a 5-seconds countdown, displaying for
instance the words “Dot only part of this block will start in 5 sec.”

The experiment started with a block of practice of the dot task. This
was the only block with feedback tones and prolonged ITIs in case of a mis-
take, as in EXPERIMENTS 1 and 2. The second block introduced confidence
judgements. In the third block, participants familiarised themselves with the
digit task. They practised alternating between this task and the dot task in
the fourth practice block. These four blocks were 30 trials long. The fifth
practice block was 60 trials long and exactly the same as the blocks in the
experiment, therefore containing all three sub-blocks. Participants then com-
pleted 12 blocks of the main experiment. The order of the three parts within
these 12 blocks was counterbalanced using a 6x6 balanced latin square. The
sample size was thus set to a multiple of 6. The finger assignment for the con-
fidence scale was also balanced over participants, as in EXPERIMENTS 1 and
2. There was no such balancing for the digit task, with the numbers ranging
from left to right for all participants.

Asin EXPERIMENTS 1 and 2, participants received feedback after every

block regarding their average correct RTs and error rates of the dot task. After
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Pause
(duration varied)

certainly probably maybe

+

maybe probably certainly

Dot Stimulus wong  wiong  wrong | correct correct correc
(160 ms)

Decision
(up to 1520 ms) Confidence judgement
(unlimited time)

or

L0

Digit task
(unlimited time)

Figure 27: Methods of the dot task. Participants had to state which of two
fields contained more dots by pressing the left or right key. After a 600 ms
long response-stimulus interval (RSI), one out of three possible second halves
of the trial followed, depending on the condition. In the Pauses condition,
participants simply waited a variable duration before the next dot stimulus
appeared. In the Confidence condition, participants judged their confidence
on a 6-point verbal confidence scale. In the Digit condition, participants had
to press one out of six keys depending on the identity (not the position) of a
digit presented in one of the six horizontally presented squares. After a 1000
ms inter-trial interval (ITT), the next trial began; ms: millisecond.
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blocks including digit-task trials, there was also feedback regarding the average
error rate for this task. No mean RTs were shown for this task, as responding

fast was not encouraged in these parts of the block.

2.3.2 Results

2.3.2.1 Replications

The first set of analyses focused on the question whether findings from EX-
PERIMENT 1 could be replicated. RTs on correct trials and error trials, as
well as overall error rates, did not differ from the corresponding condition of
EXPERIMENT 1 (all ts < 1).

Figure 28 plots error rates across confidence categories. Again, parti-
cipants showed impressive resolution with error rates of 1.6% on trials classified
as certainly correct and 80.2% on trials rated as certainly wrong. This pattern
held over all participants, as expressed by an analysis that calculated individual
participants’ Spearman rank correlations. Such correlations were significant
and highly negative for 23 out of 24 participants, rs >= —0.83, ps <= 0.04.
For this one outlier, the correlation was r = —0.14, p = 0.79, which was
caused by the fact that the participant only chose the certainly wrong option
in three occasions, which happened to be correct trials. If the correlation was
calculated over just five response categories, the correlation was perfect for
this participant, »r = —1.00, p < 0.001.

The final replication analyses focused on raw confidence, as well as SD'T
parameters. Replicating the findings from the two previous studies, confidence
was higher on correct than error trials, ¢(23) = 11.8, p < 0.001; M., = 4.6
versus M., = 3.0. Average metacognitive sensitivity according to the method

developed by Maniscalco and Lau (2012), meta-d’, was M = 1.84. With an
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Figure 28: Error rates as a function of subjective confidence ratings.
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average first-order sensitivity, d’, of M = 2.55, this led to a metacognitive effi-
ciency, log(M-ratio), smaller than zero, M = —0.17, which means participants
used less information for the second-order decision compared to the first-order
decision. This finding differed from the previous two studies in which average
metacognitive efficiency was larger than zero, reflecting additional evidence
contributed to the confidence judgement compared to the primary decision,
Mpgzp = 0.04 versus Mp,p2 = 0.11. Both values were just taken from the same
difficulty condition and — in case of EXPERIMENT 1 — only the 6-options scale.
This difference was indeed reliable, F'(2, 65) = 8.5, p < 0.001, nz =0.21, and
post-hoc comparisons revealed that metacognitive efficiency in present experi-
ment was reliably lower than both in EXPERIMENT 1, ¢(44.9) = 3.0, p < 0.01,
and EXPERIMENT 2, t(41.9) = 3.9, p < 0.001. This difference may reflect the
reduced speed stress in the present experiment, therefore reducing the overall

number of premature responses and thus the number of detected errors.

2.3.2.2 Task-switching effects

As a first manipulation check, I tested whether RTs of the digit task roughly
matched the participants’ confidence RTs. Ideally, RTs in the two tasks should
be roughly similar, however, participants were reliably slower at judging the
digit stimuli compared to their confidence RTs, ¢(23) = 6.5, p < 0.001;
Mpigit = 659 ms; Mcon fidence = 466 ms. Participants committed on aver-
age M = 5.6% errors in the digit task, but there was no goal to match these
error rates to the performance on the confidence scale. To compensate for such
possible differences, the RSIs in the Pauses condition had been constructed in
a way so that they would be equally similar to both other conditions. The
difference between confidence RTs and pauses was M = 113 ms, which was

reliable, ¢(23) = 6.1, p < 0.001. The difference between digit RTs and pauses
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was M = 79 ms, which was also reliable, £(23) = 6.3, p < 0.001. It can there-
fore be concluded that despite insufficient matching of response latencies in the
Confidence and Digit condition, at least both of these conditions were roughly
equidistant to the sampled RSIs of the Pauses condition. This is crucial given
that key analyses will focus on condition contrasts.

The key question addressed with this experiment was whether includ-
ing confidence judgements in a task leads to switch costs — reflected in in-
creased RTs and error rates in the primary task — given that confidence relies
on separate cognitive processes. Alternative to leading to switch costs, how-
ever, confidence ratings could also affect response strategies: Having to judge
one’s confidence presumably could have caused participants to adopt a more
accuracy-focused response regime. According to this idea, we should expect
increased RTs and decreased error rates for a condition in which confidence
had to be rated after every trial.

Correct RTs are presented in the upper left panel of Figure 29. There
was a reliable main effect of condition, F'(2, 46) = 6.9, p < 0.01, 77]2, =
0.23, with fastest RTs for the Pauses condition and slowest in the Confidence
condition, Mconfidence = 932 ms; Mpigits = 507 ms; Mpgyses = 493 ms.
Bonferroni-corrected post-hoc t-tests revealed a significant difference between
only the Confidence and the Pauses condition, #(23) = 3.3, p < 0.0083. There
was only a marginally significant difference between the Confidence and the
Digits condition, #(23) = 2.3, p = 0.03, and no reliable difference between the
Digits and the Pauses condition, #(23) = 1.6, p = 0.12.

Error rates in the three conditions are shown in the upper right panel of
Figure 29. Error rates were lowest in the Confidence condition and highest in
the Pauses condition, Mcon fidence = 11.1%; Mpigits = 13.0%; Mpayses = 13.3%.

This difference was reliable, F'(2, 46) = 3.3, p = 0.04, nf, = 0.13. Post-hoc t-
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Mean Correct RTs Mean Error Rate
RT (ms) Error Rate
400 0.10;
200 0.051
Confidence Digits Pauses 0.00- Confidence Digits Pauses

Mean Efficiency

RT (ms)

400

2001

Confidence Digits Pauses

Figure 29: First-order task performance as a function of condition. Upper left
panel: mean correct response times (RTS); upper right panel: mean error rates;
lower panel: mean efficiency, that is RTs penalised for errors; ms: millisecond.
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test with Bonferroni-corrected a-levels (0.017) revealed a significant difference
only between the Confidence and the Pauses condition, £(23) = 2.7, p = 0.01,
but not between the Confidence and the Digit condition, ¢(23) = 2.2, p = 0.04,
or the Digit and the Pauses condition, ¢ < 1.

Taken together, participants were slowest but most accurate in the
Confidence condition. These results therefore speak against overall task-switch-
ing effects for the Confidence and Digits conditions compared to the Pauses
condition. Instead, they hint at the possibility that the effect could lie in
the response strategy chosen by the participant, that is people opt for a more
cautious response strategy in the primary task whenever the confidence scale
requires them to introspect. If this strategy hypothesis held true, overall task
performance should be matched over conditions. Such task performance was
arguably reflected in the efficiency averages shown in the lower right panel
of Figure 29. This efficiency score is formed by dividing the median correct
RT by accuracy (inverse efficiency score; IES; Bruyer & Brysbaert, 2011).
These accuracy-corrected RTs were highest for the Confidence condition and
lowest for the Pauses condition, Mconfidence = 960 ms; Mpigits = 551 ms;
Mpauses = D41 ms. However, there was no reliable main effect of condition,
F(2, 46) = 1.3, p = 0.27, 7]3, = 0.05, nor were any post-hoc comparisons
between conditions significant, ts <= 1.6, ps >= 0.13. Importantly, with a
conventional frequentist ANOVA as used here, the null hypothesis can only
ever be rejected. Bayesian models were therefore fitted to the data (Rouder,
Morey, Speckman & Province, 2012) to compare all possible combinations of
main and interaction effects. There was most evidence in favour of the null
effect, BFnyrr = 3.14. These findings suggest that there is no overall impair-
ment in task performance due to switch costs for both the Confidence as well

as the Digits condition compared to the Pauses control condition. Taken to-
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gether, the findings discussed here did not reveal any substantial task-switching
effects. Participants were overall slower and more accurate when judging their

confidence.

2.3.3 Discussion

The main goal of this study was to investigate whether confidence judgements
relied on different processes compared to primary decision making, which
should lead to task-switching effects. The analyses revealed no such impair-
ments in task performance. Instead, the data seem to support a more cautious
response strategy for the confidence trials, with slower RTs and lower error
rates for the Confidence compared to the Pauses condition.

Perhaps the null effect of task switching was due to the similarity of
the primary response and the confidence judgement. As argued above, a higher
similarity between two tasks could presumably mean than the task-set has to
be reconfigured less. However, there was no reliable difference between the
Confidence and the Digit condition or the Pauses and the Digit condition in
RTs or error rates, which speaks against this interpretation.

The present experiment replicated several findings from EXPERIMENTS
1 and 2. First, the RTs and error rates for the difficulty conditions chosen here
roughly matched those of EXPERIMENTS 1 and 2. Second, confidence rat-
ings covaried with objective task performance, which is also reflected in higher
average confidence levels for correct as opposed to error trials, and the distribu-
tions of confidence answers were similar to the previous experiments. However,
metacognitive efficiency was significantly smaller than in EXPERIMENT 1 or 2,
as well as lower than zero. Values less than zero reflect that the participant
had less information available when making the second-order judgement com-

pared to the first-order decision. Values larger than one, on the other hand,
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can arguably reflect post-decision processing. The present experiment was the
first in which the speed stress was slightly lifted, which might in fact have led
to confidence being judged more during the time leading up to the decision
(Baranski & Petrusic, 1998), therefore supporting a more decisional locus of
confidence.

Taken together, the findings from this study point towards the conclu-
sion that if confidence instructions cause task-switching effects on the primary
performance, such inference must indeed be very small and therefore need
not to be further taken into account. However, substantial task-switching ef-
fects would have been expected in the Digit control condition. Not finding
at least some effect of task-switching when alternating between the dot task
and such an unrelated task suggest that the present paradigm lacked power
to even detect task-switching effects. This might have been caused by sev-
eral limitations of the design. First, in the present study, conditions were
presented blocked. This was done to encourage participants to prepare their
confidence judgement while responding to the primary stimulus when within
the Confidence part of the block, thereby maximising possible interference ef-
fects. Critically, most studies that include metacognitive judgements record
these on every trial, therefore the present experiment simulated these condi-
tions very closely. On the other hand, intermixing confidence trials with other
conditions might reduce the strategy-effect we found in this study, which is a
prediction that remains to be tested. Therefore, the present study could be
extended to include a condition in which different conditions are intermixed
within a block.

Yet another change that could be considered, as frequently done in
the task-switching literature, is the use of bivalent stimuli: Using bivalent

stimuli means that the stimuli for the tasks between which participants al-
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ternate are identical, but the different tasks focus on different properties of
these stimuli, for example judging a number as larger or smaller than 5, or
judging odd versus even. However, this is not entirely possible, given that the
confidence judgement is estimated internally. One could therefore imagine a
re-designed version of the experiment in which the digit task is replaced by
another judgement that has to be made internally, from short-term memory. I
would, for instance, use the same dot task as before but now present the dots
in six different colours. Instead of the digit task, participants have to press
a key according to the colour the just-judged dot stimulus was presented in.
Such changes to the original design could increase the power to detect possible

task-switching effects.

2.4 General discussion

In the present chapter, a paradigm was tested for its suitability for measuring
metacognitive judgements. This paradigm constitutes the basis for the exper-
iments in the following two chapters. The findings of EXPERIMENT 1 suggest
that the dot task is a suitable task with fine-grained levels of difficulty. These
levels range from very easy (20 dots difference; 4.4% errors) to very difficult
(2 dots difference; 39.9% errors). Crucially, the difficulty manipulation was
also reflected in different ratings of confidence, with participants being more
confident on easier correct trials, due to increased metacognitive insight fa-
cilitated by more available information at the time of the primary decision.
At the same time, errors are rated as less confident on easy trials, which can
also be explained by more insight (in this case, insight that a response was in-
correct). Critically, difficulty did not affect metacognitive efficiency, meaning

that all differences in insight were fully explained by differences in first-order
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performance. Moreover, no hard-easy-effect (higher level of overconfidence for
difficult conditions) was found in the present paradigm. The difficulty effects
were replicated in the three different experiments. Taken together, this task
provides the experimenter with precise experimental control and is therefore a
suitable paradigm for the purpose of the questions addressed in this thesis.

Moreover, the results demonstrate that a verbal, discrete confidence
scale is a suitable tool to assess decision confidence with. Using a discrete
rather than a continuous scale has the advantage of precise measurement of
confidence RTs. The main goal of EXPERIMENT 1 was to test whether a more
fine-grained version of this scale with six as opposed to only two levels could be
used. The findings supported that this was indeed the case with no processing
costs for the more fine-grained scale, and comparable metacognitive accuracy
and speed with which confidence was rated. This was a key result in the
investigation of confidence in decision making. Yet another advantage of using
a more fine-grained confidence scale is that the confidence ratings can then be
used to calculate ROC curves, as well as SDT measures based on these curves.
I will therefore use this version of the scale, a scale which allows me to assess on
which trials participants changed their minds, in all subsequent experiments
of this thesis. While participants arguably treat the binary and the 6-point
scale very similarly, the question remains as to whether confidence and error
detection are distinct or two sides of the same coin (Yeung & Summerfield,
2012). I will address this question further in Chapter 3.

Moreover, my findings suggest that measuring confidence judgements
is straightforward and can be implemented without the need to train par-
ticipants given the verbal scale used here. Instead, participants repeatedly
showed intuitive use of the confidence scale right from the very first block on-

wards. However, there was an increase in metacognitive efficiency over trials,
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presumably caused by participants getting faster and therefore committing
more speed errors, which are easier to detect. I therefore concluded that par-
ticipants should be monitored for changes in response speed and accuracy and
reminded verbally and through performance feedback to trade off speed and
accuracy within their first-order responses throughout the experiment.

Findings from EXPERIMENT 2 suggest that the precise timing of the
confidence judgement does not affect metacognitive processing. More precisely,
if people are given more time to judge their confidence neither does their
metacognitive accuracy increase — as could be expected from the post-decision
processing locus hypothesis — nor does their metacognitive accuracy decrease
— as could be expected from a memory decay hypothesis. There were certain
limitations with regard to this study: The speed with which participants rated
their confidence varied with the delay before the onset of the scale, suggesting
that participants formed their decision much earlier during the delay and then
used the remaining time to prepare for the button press motorically. This
could be reduced by using a variable scale and enforcing speed pressure for the
confidence judgement even more rigorously, potentially even by introducing
a reward scheme for both first- and second-order responses. However, this
limitation does not affect the conclusion that decision confidence is a stable
phenomenon, which goes unperturbed by timing specifics of the measurement
of metacognitive judgements.

The results of EXPERIMENT 3 clarify the nature of task-switching ef-
fects that might occur when confidence judgements are required. It was some-
what surprising that the results presented here suggest that asking participants
to rate their confidence in a perceptual decision-making paradigm does not
have a detrimental effect on first-order task performance. Instead, my data

support the notion that participants opt for a more accurate response strategy

128



Chapter 2

when they have to judge their confidence, that is they tend to be slower and
more accurate. One interpretation of the findings from EXPERIMENT 3 is that
the absence of task-switching effects was caused by a high degree of shared
resources between the confidence and the dot task itself. This finding can
be interpreted as further support for the idea that requiring participants to
judge their performance does not negatively affect such performance due to
not having to reconfigure the task-sets in question. However, the absence of
task-switching effects in the unrelated task, another control condition, render
the results somewhat ambiguous in the sense that the overall design might
have lacked power necessary to detect any such task-switching effects.

To conclude, the design developed in the current chapter provides a
stable paradigm to carry out research on confidence in decision making. The
three experiments described in this chapter highlight the fact that confidence
judgements are both reliable and stable, increasing reproducibility of studies
on metacognition. Confidence judgements moreover do not appear to have
a detrimental effect on first-order performance, but rather a small effect of
response strategy leading to a more accurate response mode, as well as a
slightly enhanced effect of post-error slowing, which can be taken into account

when designing experiments.
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Investigating the relations between

confidence and error detection

This chapter focuses on the relationship between two key metacognitive eval-
uations: error detection and confidence judgements. These types of judge-
ments have separately been studied in detail but have rarely been directly
compared (except for Yeung & Summerfield, 2014, 2012; Scheffers & Coles,
2000; Fernandez-Duque et al., 2000). Similar methodological approaches have
been used in prior work on those two lines of research: The participant makes
a first-order perceptual decision and is then asked to evaluate his or her choice
by being asked either “how confident are you that you were correct?” or “did
you make an error?” While in research on confidence, a graded scale is usually
given to participants to rate the correctness of their response (e.g., Fleming,
Huijgen & Dolan, 2012; Zylberberg et al., 2012; Bahrami et al., 2012; Fleming
et al., 2010; Baranski & Petrusic, 1994; Pleskac & Busemeyer, 2010; Baranski
& Petrusic, 1998; De Martino et al., 2013; Petrusic & Baranski, 2003), parti-
cipants are asked to judge the opposite in research on error detection, that is

they have to evaluate incorrectness of the response, usually in a binary man-
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ner (e.g., Rabbitt, 1968; Charles et al., 2013; Endrass et al., 2005; Wessel et
al., 2011). These methodological differences have been discussed in detail in
Section 2.1.

Despite the many similarities in approach, there is little compatib-
ility between current theories of confidence and error detection (Yeung &
Summerfield, 2012, 2014). For example, popular models of confidence, such
as the balance-of-evidence hypothesis (Vickers & Packer, 1982), can explain
graded confidence judgements but not why participants sometimes state with
certainty that an earlier response was incorrect (one exception is the post-
decisional balance-of-evidence model proposed by Van Zandt & Maldonado-
Molina, 2004). Conversely, many theories propose error detection to be all-
or-nothing (e.g., Falkenstein et al., 1991; Gehring et al., 1993) and therefore
struggle to explain graded judgements of confidence. Given the previously
reported findings from EXPERIMENT 1, in which participants showed equally
good metacognitive insight on both graded and binary confidence scales, how-
ever, there is evidence that such graded judgements exist and that participants
are intuitively capable of reporting their confidence using graded confidence
scales. Taken together, over the last decades, little systematic effort has been
made to link the two lines of research theoretically (Yeung & Summerfield,
2012, 2014; Fernandez-Duque et al., 2000; Davelaar, 2009).

Empirical findings are similarly discrepant. For example, Charles et
al. (2013) recently observed dissociations in the use of binary error judgements
in conscious and non-conscious conditions: Whereas above-chance confidence
judgements were observed even on trials in which stimuli remained subliminal
due to visual masking, error-related EEG activity was only evident on con-
scious trials. Charles et al. (2013) therefore concluded that these judgements

reflect the existence of two separate metacognitive systems: An all-or-nothing
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error signal, which is conscious, and a graded non-conscious system for confi-
dence judgements. Scheffers and Coles (2000), on the other hand, had found
that error-related EEG activity varies in a graded way with subjectively-rated
confidence, implying that confidence and error detection might be two sides of
the same coin.

Here, I argue that linking error detection and decision confidence would
have substantive implications for current theories in the respective fields. For
instance, the neural basis of metacognitive monitoring remains a highly de-
bated topic (see for instance Fleming & Frith, 2014, for a review). If decision
confidence could be linked to well-characterised EEG correlates of error pro-
cessing, then this would provide useful constraints on theories of the neural
bases of metacognition in decision making. Furthermore, another implication
would be to hypothesise the existence of graded error signals and include them
in current theories of error monitoring. Finally, the existence of sure errors
remains a challenge for many current theories of decision confidence, which
assume a decisional-locus model, and are therefore unable to explain why par-
ticipants sometimes change their mind. These theories should be expanded to
include post-decision processing (Yeung & Summerfield, 2012, 2014).

The previously reported results from EXPERIMENT 1 already shed
some light on the question how confidence and error detection judgements
can be linked, observing no difference in how participants used the binary and
graded scale: They were equally accurate in their metacognitive judgements
and showed no difference in their tendency to rate their responses as highly
confident. Moreover, graded error detection was observed (certainly wrong,
probably wrong, maybe wrong), which is rarely measured in metacognition stud-
ies, which either use a binary scale or a confidence scale with guessing as the

lowest confidence category (Baranski & Petrusic, 1994; Wallsten et al., 1993;
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Buratti & Allwood, 2012; Van Zandt & Maldonado-Molina, 2004; Scheffers &
Coles, 2000).

Findings from EXPERIMENT 1 were interpreted mainly from a meth-
odological point of view, that is they were taken to mean that a graded scale,
given its advantage of a higher measurement resolution, does not impose ad-
ditional processing costs. The focus in the present chapter, however, was
whether those different forms of judgements constitute different forms of the
same underlying metacognitive processes. EXPERIMENT 4 aimed to establish
the relationship between error detection and confidence. More specifically, I
asked whether well-characterized EEG correlates of error detection are sensit-
ive to, and are predictive of, fine-grained differences in correct-trial confidence.
Two such EEG correlates have been extensively studied in prior research: The
ERN and the Pe. In contrast to prior work focusing on the ERN, a fronto-
central component observed immediately following errors, here I focus on the
subsequent parietal-focused Pe because of its established link to subjective
error awareness (Overbeek, Nieuwenhuis & Ridderinkhof, 2005; Steinhauser
& Yeung, 2010; Endrass, Klawohn, Preuss & Kathmann, 2012). The core
rationale is that if error detection and confidence judgements share common
underlying mechanisms, well-characterised neural correlates of error awareness
should then be predictive of participants’ decision confidence on a trial-by-trial
basis.

In the second part of this chapter, I then summarise how I believe
metacognitive judgements are formed given the findings reported so far in this
thesis. The assumed mechanisms will be formalised in a computational model
and simulation results will be reported. These results suggest that the model
captures the most basic first- and second-order results reported for the dot-

count task. The model assumes a common internal metacognitive signal (post-
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decisional balance of evidence) from which both confidence and error detection
judgements are derived from evidence accumulated in a single decision process.
As an even stronger test of the model, data from a visibility manipulation task
are then simulated. In particular, this model aimed to capture the fact that
metacognitive accuracy strongly increases for trials reported as seen as opposed
to trials rated as unseen. The model successfully replicated these data patterns
observed by Charles et al. (2013), which contradicts the hypothesis proposed
by Charles and colleagues that these data can only be explained by a model
that assumes two separate routes that accumulate information: one conscious
and slow, but accurate, the other route noisy, fast and automatic (see also Del

Cul, Dehaene, Reyes, Bravo & Slachevsky, 2009).

3.1 EXPERIMENT 4: Do confidence and error de-
tection rely on similar processes?

The present experiment focused on whether there is a shared neural basis of
the two judgements, that is whether EEG correlates of error detection are
also sensitive to fine-grained changes in correct-trial confidence. Two such
correlates were considered, given that errors in speeded decision tasks are as-
sociated with a characteristic sequence of ERP components, the ERN and the
Pe (Falkenstein et al., 1991).

First, the ERN is a negative deflection in the EEG, peaking within
100 ms of the incorrect motor response. The ERN is larger for errors compared
to correct trials and this difference is largest at fronto-central electrode sites.
The negative activation observed on correct trials is often referred to as the
correct related negativity (CRN). It has been argued by some authors, such as

Pailing and Segalowitz (2004), that the CRN reflects response uncertainty, that
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is correct responses that have been incorrectly perceived as errors. Similarly,
the amplitude of the ERN has been interpreted as a reflection of error aware-
ness (see Wessel, 2012, for a review). This means that the difference between
correct and incorrect trials should be larger for reported compared to unrepor-
ted errors. Indeed, Scheffers and Coles (2000) found that the ERN amplitude
correlates with error detection, meaning a larger (i.e., more negative) ERN
is observed for low-confidence trials. Wessel (2012), however, proposed that
the ERN should be interpreted not as a consequence of error awareness but
instead as a precursor of it. This matches what has been proposed in a recent
study by Steinhauser and Yeung (2010), who suggest that the ERN is related
to probabilistic information of whether or not an error has occurred, such as
detection of response conflict (Yeung, Botvinick & Cohen, 2004) rather than
error awareness per se. Therefore, findings as to whether the ERN reflects
error awareness remain contradictory, instead the second error-related EEG
component, the Pe, has previously been shown to vary reliably with the de-
gree to which participants report awareness of their errors (Nieuwenhuis et
al., 2001; Hester, Foxe, Molholm, Shpaner & Garavan, 2005; Steinhauser &
Yeung, 2010; Murphy, Robertson, Allen, Hester & O’Connell, 2012). The Pe
is an extended centro-parietal positivity, which usually peaks around 200 to
300 ms after a response and is larger for error compared to correct trials. More
specifically, Steinhauser and Yeung (2010) found that Pe amplitude reflects the
internal evidence accumulated in favour of an error having occurred. Similarly,
Nieuwenhuis et al. (2001) have previously found this component to be more
enhanced when the error had been detected than when it was undetected.
Moreover, Murphy et al. (2012) reported that Pe peak latency correlated with
how fast participants had reported their errors, suggesting that the Pe reflects

the temporal dynamics of emerging error awareness. Taken together, while
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findings regarding the relationship between the ERN and error awareness is
mixed, compelling evidence exists in support of the hypothesis that the Pe
reflects conscious error detection. This component therefore ought to be taken
as the best index of error awareness.

The question addressed with this experiment is whether such well-
characterised error-related EEG components also vary with confidence. To test
this prediction, multivariate pattern classifier techniques were used to assess
the degree of overlap between neural signatures of error detection and decision
confidence. Specifically, I assessed the degree to which cross-classification is
possible between error detection and decision confidence. In other words, will
a classifier algorithm that is trained to distinguish correct versus error trials
be predictive of more subtle variation in correct-trial confidence? Previous
research has shown that a multivariate classification approach can robustly
index single-trial Pe amplitude to distinguish objectively correct and incorrect
responses (Steinhauser & Yeung, 2010). The novel question addressed here
was whether a classifier trained in this way would similarly predict variations
in confidence on a single-trial level. Specifically, the question was whether
a classifier trained to discriminate errors versus a matched subset of correct
trials would be predictive of varying levels of confidence on the remaining set
of (untrained) correct response trials. To the extent that the multivariate
classifier generalises successfully in this way — in particular, to predict subtle
variation in correct-trial confidence — this would provide evidence for shared
neural correlates of error detection (as studied extensively in past research

focusing on the Pe) and subjective confidence (as assessed here).
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3.1.1 Methods

3.1.1.1 Participants

Seventeen right-handed participants (8 female) between 21 and 30 years of
age (M = 23.9), all with normal or corrected-to-normal vision, gave informed
consent and were paid for their time. One participant had to be excluded due
to a technical recording error, leaving 16 participants in the final sample. Each
session lasted between 80 and 120 minutes, including EEG setup, instruction,

and debriefing. All procedures were approved by the local ethics committee.

3.1.1.2 Task and procedure

The paradigm used for this experiment was similar to the one previously de-
scribed, so here I describe only the parts that differed from the previous studies.
Only one level of difficulty was used in this version of the protocol, a difference
of 10 dots. Again, only the 6-options confidence scale was used. Speed was
again stressed so that participants made sufficient numbers of errors to per-
mit planned contrasts of neural activity on correct versus error trials. In the
main experiment, participants completed 18 experimental blocks of 48 trials.
Prior to the main experimental blocks, participants first completed two prac-
tice blocks to become familiarised with the perceptual decision task (including

auditory feedback) and the confidence rating scale, respectively.

3.1.1.3 EEG recording

Participants were seated in a dimly lit, electrically shielded room. EEG data
were recorded using Ag-AgCl electrodes embedded in a fabric cap (QuikCap,
Neuroscan, El Paso, TX) from 32 channels: FP1, FPZ, FP2, F7, F3, FZ, F4,
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F8, FT7, FC3, FCZ, FC4, FT8, T7, C3, CZ, C4, T8, TP7, CP3, CPZ, CP4,
TPS8, P7, P3, PZ, P4, P8, POZ, O1, OZ, 02, as well as the left mastoid.
All electrodes were referenced to the right mastoid online and re-referenced to
linked mastoids offline. The vertical and horizontal electrooculogram (EOG)
was measured from above and below the left eye and the outer canthi of the
two eyes. Electrode impedances were kept below 50 k2. EEG and EOG data
were continuously recorded using SynAmps2 amplifiers (Neuroscan, El Paso,
TX) at a sampling rate of 1000 Hz, with a band-pass filter of 0.1 — 200 Hz, a

gain of 2816, and a resolution of 29.8 nV.

3.1.1.4 Data analysis

EEG preprocessing. EEG data were preprocessed using the approach de-
scribed in detail in Section 1.8. Response-locked epochs were then extracted
from the continuous data. Those epochs were baseline-corrected to-100 to 0 ms
pre-response for the main analyses, and -100 to 0 ms pre-stimulus for the ad-
ditional analyses of the stimulus-locked P3. Trials were rejected as containing
artefacts if the signal exceeded -100 to 100 x4V in the electrodes FZ, FCZ, CZ,
CPZ, and PZ (due to noisy channels these channels were used without FZ for
one participant and without FZ and PZ for another; later interpolating these
channels). The data were then low-pass filtered offline at 12 Hz.

EEG analysis focused on the 600 ms interval between the participant’s
key-press response in the perceptual decision task and the subsequent appear-
ance of the confidence scale. In the averaged ERP data, the Pe was quantified
as the difference between error- and correct-trial waveforms in an interval from

250 to 350 ms after the response.
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Single-trial EEG analysis. Of critical interest here was the relationship
between the Pe and participants’ confidence judgements. In particular, it was
predicted that variation in the error-related Pe, as measured in the period
after the participant’s response but before their confidence rating, would be
predictive of fine-grained changes in subjectively-rated confidence.

To quantify Pe amplitude robustly on single trials, a classifier based
on spatial linear integration (Parra et al., 2002) was trained to distinguish
between objectively correct and incorrect responses, using a subset of the data
from each participant. This classification method has been used successfully in
the past to distinguish between experimental conditions (Philiastides, Ratcliff
& Sajda, 2006; Ratcliff, Philiastides & Sajda, 2009; Steinhauser & Yeung,
2010; Macdonald et al., 2011). The subsets were matched-size samples of
correct and incorrect responses, all baseline-corrected and also taking into
account the hand with which the response was made so that the classifier
would not reflect differences in motor activity. Linear integration aims to find
a spatial ERP component by identifying a classifying vector that maximally
discriminates between the two conditions in question — in this case errors and
correct responses. If z(t) is taken to be the vector of activity across electrodes
at time ¢, then logistic regression can be used to compute a spatial filter v,

which results in the discriminating component

y(t) = v"a(t). (1)

This component is maximally discriminating between the two condi-
tions. Through this approach, signal-to-noise ratio (SNR) is improved on the
single-trial level by combining data across electrodes, much as SNR is improved

in conventional ERP analyses by averaging across trials. Once the optimal
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weighting coefficient v has been determined, single-trial short-time averaged
discrimination activities 7, can be estimated for each trial £ by summing over
all T" samples — in my case 100 samples — from each trial. These single-trial
short-time averaged discrimination activities vary between 0 and 1, with larger
values reflecting a higher probability that the trial in question was an error.

To identify the classifying vector that maximised activity specific to one
of the two conditions while minimising non-specific activity, that is processes
contributing to both conditions, however, it is crucial to train the classifier
on a suitable subset of data from each trial. Here, I used 100 ms long time
windows from each trial. The width of this time window was set to 100 ms «a
priori given that it had previously been shown to be a suitable window width
analyses focusing on the Pe (Steinhauser & Yeung, 2010). The starting point
of the time window on which the classifier would be trained was then found
using sweeping windows by 10 ms from the response onwards up to 600 ms
post-response. This procedure resulted in a total of 60 time windows, for each
of which classification performance was estimated, so the time window with the
highest classification performance could be found. Within each time window,
all samples are treated as independent.

Once the discriminating component y(t) has been estimated, this vec-
tor can be applied back to the data across time points, thereby collapsing the —
in the present case — 32-dimensional data of the EEG to one-dimensional data
in discriminating component space. Such a reduction of dimensionality inher-
ently provides a solution to the multi-comparison problem often occurring in
EEG studies, where several different electrodes are analysed, sometimes even
with results being then selectively reported. Back-projected data can be plot-
ted and analysed in ways similar to conventional ERP analyses. For instance,

I would expect to find errors and correct trials to differ around the time of the

140



Chapter 3

ERN and the Pe.

The spatial distribution of the electrode weights can be visualised by
calculating a sensor projection (Parra, Spence, Gerson & Sajda, 2005; Parra
et al., 2002). This sensor projection a shows the amount of activity at each

electrode that correlates with the discriminating component:

a= - (2>

with X being the re-arranged sensor data and y the discriminating
component. For visualisation purposes, a can be plotted like an ERP to-
pography. I expect to find more activity correlated with the discriminating
component at centro-parietal electrodes, given that these are the locations on

which the Pe is usually found to be most pronounced.

3.1.2 Results

3.1.2.1 Behavioural data

Participants made primary perceptual decisions with a mean RT of 427 ms.
This was reliably faster than data from the same difficulty condition in EXPER-
IMENT 1, £(33.5) = 2.6, p = 0.01, which was on average 490 ms. Moreover, par-
ticipants committed on average 17.5% errors, reliably more than the equivalent
mean error rate of 12.9% found in EXPERIMENT 1, #(29.2) = 2.2, p = 0.03.
These findings hint at a slightly more speed-oriented response strategy in the
present experiment compared to EXPERIMENT 1.

As in previous experiments, accuracy varied monotonically as a func-
tion of subjectively-rated confidence, showing high resolution, as well as high
calibration: Participants made errors on 97.1% of trials judged certainly wrong,

compared to an error rate of 1.4% on trials judged certainly correct. This pat-
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tern held for individual participants, as revealed by individual Spearman’s rank
correlations of confidence and accuracy, which were reliable for all participants,
and close to perfect, rs <= —0.94, ps < 0.01.

Figure 30 presents the distributions of confidence judgements as a func-
tion of accuracy. Once again, some overlap can be observed, with probably
wrong as the mode for error responses and certainly correct as the mode for
correct responses. These findings suggest that participants had good resolu-
tion in their metacognitive judgements in the present experiment. This in-
terpretation was furthermore supported by the finding that participants were
more confident on correct trials compared to error trials, M., = 5.0 versus

M,,, = 2.7, t(15) = 14.4, p < 0.01.
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Figure 30: Distributions of confidence responses as a function of objective
accuracy.

On average, participants rated their metacognition with a sensitiv-
ity of meta-d’ = 3.88. With an average first-order sensitivity of d' = 2.07,

this resulted in an average metacognitive efficiency of log(M-ratio) = 0.28.
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These metacognitive efficiency parameters were significantly different from 0,
t(15) = 5.8, p < 0.001. This means participants used more evidence in their

metacognitive judgement compared to the dot decision.

3.1.2.2 ERP data

The key analyses of this study focused on error-related ERPs, that is both the
ERN and the Pe. It therefore first had to be determined whether those ERPs
were present in the EEG data. Figure 31 shows response-locked EEG activ-
ity at electrode CZ as a function of objective accuracy. The left dashed time
window highlighted in the figure contained the ERN (-40 to 60 ms). The ERN
was analysed with a two-way repeated-measures ANOVA with accuracy and
anteroposterior scalp location as factors. Data recorded at five midline elec-
trodes (FZ, FCZ, CZ, CPZ, and PZ) were submitted to the ANOVA. The ERN
is usually found to be stronger (i.e., more negative) for error trials compared
to correct trials. This was also the case here, M., = 0.5 uV; M.y = 2.1 uV'.
This difference was reliable, F(1, 15) =13.0, p < 0.01, 1 = 0.46. The ERN
usually has a fronto-central, symmetrical topography, which can also be seen
in the upper panel of Figure 31. I would therefore have expected to find an
effect of location, which was indeed the case, as expressed in a reliable interac-
tion between location and accuracy, F'(1.5, 22.4) = 4.2, p = 0.04, nf, = 0.22.
There was furthermore also a main effect of location, F'(1.4, 20.8) = 22.7, p <
0.001, 7712) = 0.60.

A similar analysis was conducted for the Pe, which was measured in
a time window ranging from 250 to 350 ms, also highlighted in Figure 31. As
expected, the amplitude of the Pe was larger for errors compared to correct
trials, M., = 3.9 uV, M., = 0.1 pV. This difference was also reliable,

F(1, 15) = 26.1, p < 0.001, 772 = 0.64. Moreover, there was a reliable main
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correct (N =700.4; 601 to 808)
B error (N =147.9; 51 to 257)
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Figure 31: Error-related negativity (ERN) and error positivity (Pe) at elec-
trode CZ, conditioned on objective accuracy; response-locked event-related
potential (ERP). The two windows highlight the ERN (-40 to 60 ms) and the
Pe (250 to 350 ms). The legend displays the average number of trials across
participants, together with the minimum and maximum number of trials; ms:
millisecond; pV': micro-volt.
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Figure 32: Topographies for the difference between errors and correct trials
for both the ERN (top panel) and the Pe (bottom panel). The colours in the
topographic plots indicate different values in micro-volt; ms: millisecond.
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effect of anteroposterior scalp location, F'(1.3, 19.6) = 6.2, p = 0.02, 7712) =
0.29, which was qualified by an interaction with accuracy, F'(1.4, 20.3) =
23.6, p < 0.001, 77]27 = 0.61, reflecting increased Pe amplitude at posterior
sites.

I next investigated how ERN and Pe amplitude varied with confi-
dence, rather than objective accuracy. In the averaged ERP data (Figure
33, collapsed across all trials), the amplitudes of both ERN and Pe compon-
ents were strongly modulated by decision confidence: For the ERN, there was
both a main effect of confidence, F(1.8, 27.7) = 9.2, p = 0.001, 772 = 0.38,
as well as a reliable linear trend, F(1, 15) = 30.6, p < 0.001, 72 = 0.67.
The ERN was strongest (i.e., most negative) for the lowest confidence cat-
egory. There was once more a reliable effect of anteroposterior scalp location,
F(1.5, 22.5) = 19.8, p < 0.001, 7712) = 0.57. The interaction between confidence
and location was also reliable, F'(20, 300) = 3.0, p < 0.001, 772 = 0.17. This
reflected once more the fact that the ERN effect was strongest at electrode
FCZ, ni(FCZ) = 0.42, compared to the other electrode locations, n;(FZ) = 0.39,
77;(02) = 0.36, nE(CPZ) = 0.37, and 7712;(132) = 0.26. This can be seen in the upper
panel of Figure 34, which shows the topography of the ERN for the difference
between the two most extreme confidence categories.

Pe amplitude varied systematically with subjectively-rated confidence,
F(2.6, 39.0) = 8.2, p < 0.001, nzf = 0.35, with a reliable linear trend,
F(1, 15) = 4.9, p = 0.04, 77]3 = 0.24. The amplitude of this component
was largest on trials rated certainly wrong, and gradually reduced in amp-
litude as subjective confidence increased. This analysis replicated the reliable
effect of location, F'(1.3, 20.0) = 6.2, p = 0.02, 7712, = 0.29, and the interaction
between location and confidence, F'(20, 300) = 11.3, p < 0.001, 7712) = 0.43,

which reflected that the Pe effect was strongest at PZ, 772( pz) = 0.53, and de-
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FCZ
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@ probably wrong (N = 48; 3 to 136)
maybe wrong (N = 70; 22 to 125)

maybe correct (N = 186; 34 to 548)
probably correct (N = 255; 41 to 512) -
certainly correct (N = 256; 3 to 596) /- .
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Figure 33: Top panel: Error-related negativity (ERN) at electrode FCZ; bot-
tom panel: error positivity (Pe) at electrode PZ. Both response-locked event-
related potentials (ERPs) were conditioned on subjectively-rated confidence.
Plots show data combined for objectively correct and incorrect trials. The two
windows highlight the ERN (-40 to 60 ms) and the Pe (250 to 350 ms). The
legend displays the average number of trials across participants, together with
the minimum and maximum number of trials; ms: millisecond; pV': micro-volt.
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ERN (-40 to 60 ms)
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Figure 34: Topographies for the difference between certainly wrong and cer-
tainly correct condition for both the ERN (top panel) and the Pe (bottom
panel). The colours in the topographic plots indicate different values in micro-
volt; ms: millisecond.
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creased gradually towards the frontal electrodes, 1% p,) = 0.51, 7% ) = 0.40,
77;2)(1702) =0.18, and 7712;(FZ) = 0.02. This can be seen in the topography for the
Pe in the lower panel of Figure 34, which again shows the difference between
the two outer-most categories.

These results extend previous analyses of the ERN (Scheffers & Coles,
2000) to demonstrate a clear association between Pe amplitude and confidence.
However, averaged ERP results are inherently ambiguous about the precise re-
lationship between error-related neural activity and confidence: It could be
that amplitude reflects graded variation in confidence across trials, as hypo-
thesised here, but it could also be that error-related neural activity has an
all-or-none quality (cf. Charles et al., 2013), with changes in amplitude across
confidence bins simply reflecting variation in the proportion of trials on which
this activity is triggered (i.e., from very rarely when participants feel certainly
correct, to almost always when they feel certainly wrong). Figure 35 illustrates
this alternative explanation: Each stacked bar represents a hypothetical dis-
tribution of all choices made at each confidence level, while colour represents
the proportion of trials on which error related activity — such as the Pe — was
present or absent. The certainly wrong category, for example, is hypothesised
to have a large proportion of trials on which activity was present, leading to a
large overall amplitude if trials are averaged. On the other hand, the certainly
correct category is hypothesised to contain a small proportion of trials on which
error-related activity was present, leading to a small overall amplitude if trials
are averaged. This example illustrates how averaging EEG data, as is conven-
tionally done in ERP analyses, can lead to incorrect conclusions regarding the
true, underlying data patterns. The next analysis will address this question

by analysing data on the single-trial level.
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Error-related activity

O absent
B present

certainly probably maybe maybe probably certainly
wrong wrong wrong correct  correct  correct

Figure 35: Schematic example of an alternative explanation regarding the sys-
tematic variation of confidence and Pe amplitude: The stacked bars represent
data from different confidence categories; the colours within these bars rep-
resent the proportions of trials in which error-related activity was present or
absent.

3.1.2.3 Single-trial EEG data

Gradations in confidence on correct trials. To distinguish between these
alternative interpretations — which point to fundamentally different models of
the relationship between error detection and decision confidence — multivariate
classifier techniques were used to robustly index Pe amplitude on individual
trials. Linear integration allowed me to derive a spatial filter (a discriminating
component) that maximally distinguishes correct- and error-trial waveforms.
The classifier was trained on the set of all error trials and a matched-sized set
of correct response trials (M = 296 of error and correct responses combined,
range 102 — 514).

First of all, the time window of classification had to be determined. I
therefore fitted the classifier to 60 100-ms-wide time windows, shifting the cur-

rent window 10 ms forwards in time to form the next window, as described in
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detail in the methods section (Section 3.1.1.4). The classification performance
over time windows is presented in Figure 36, that is the AUC of the classifier
is applied back to the training set. Replicating previous findings (Steinhauser
& Yeung, 2010), optimal classification performance was found using a training
window of 250 to 350 ms post-response. For this window, mean single-trial dis-
crimination performance for the 16 participants was very robust: AUC = 0.83
(min = 0.74; max = 0.91), where AUC refers to the area under the curve in an
ROC plot with a value of 0.50 expressing behaviour at chance. Overall, AUC
values were found to be reliably larger than 0.50, ¢(15) = 24.0, p < 0.001.
The individual ROC curves are presented in the left panel of Figure 37. Inter-
estingly, this time window coincides with the Pe rather than the ERN, which
makes sense considering the former’s demonstrated association with subject-
ive error awareness (Overbeek et al., 2005). Nevertheless, below I repeated
the same procedure but for the time window of the ERN with the result that
classification based on the ERN failed to demonstrate consistent association
with single-trial decision confidence.

These ROC curves only reflect how well the classifier fitted the data
it was trained on if applied back to this data set. The question remains how
consistent these estimates were, that is how well a classifier fitted on a propor-
tion of trials could be generalised to the entire data set for this participant.
Given that no errors were left that were not part of the training set, a k-fold
cross-classification method had to be used. This means that all test sets were
further divided into four non-overlapping folds. The classifier could then be
trained on three of these folds and be tested on the remaining fold for all 4 pos-
sible combinations. The average AUC for this analysis was 0.71 (min = 0.53;
max = 0.85), which was reliably larger than 0.50, #(15) = 9.8, p < 0.001.

This value is numerically lower than for the training set, but does not affect
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Figure 36: Classification performance (area under curve; AUC) when applied
back to the training set for a range different time windows form which the
training data was taken. The x-axis specifies the starting point from which
onwards a window of 100 milliseconds (ms) width was extracted.
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Figure 37: Classification performance expressed in receiver operating charac-
teristic (ROC) curves for classifier trained on Pe time window. Left panel:
classifier applied back to the training set; right panel: classifier applied to a
new set of data, the test set, using a 4-fold algorithm; FAs: false alarms.
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the validity of the analyses given that the cross-classification performance of
the classifier was only of secondary interest here. The individual ROC curves
for the k-fold cross classification are furthermore presented in the right panel of
Figure 37. All the following analyses used the classifiers obtained by training
on all the available data, not the averaged classifiers obtained using the k-fold
approach.

Figure 38 furthermore presents classification performance over time
using the same shifting-window approach described above, but for average 4-
fold AUC. Classification performance in this analysis was very similar to the
non-cross-validated analysis: The curves in Figures 36 and 38 share an almost
identical overall morphology. However, there is more variability across time
points in cross-validated AUC, reflecting the lower number of trials on which
classification was based, such that peak AUC was observed for a classification
window from 220 to 320 ms rather than 250 to 350 ms. However, for subsequent
analyses I preferred to use the latter window because it is based on a less noisy
estimate and is consistent with prior research (Steinhauser & Yeung, 2010).

The time course of the discriminating component is presented in Fig-
ure 39. This component was different for error and correct trials during the
time window that was used for training the classifier, ¢(15) = 8.1, p < 0.001,
as predicted above. Moreover, a second time window was chosen by shifting
the window 100 ms forward, given that the Pe is a slow wave that exceeds the
training window in time (see Figure 31). For this second time window, the
discriminating component also varied between errors and correct responses,
t(15) = 7.2, p < 0.001. Moreover, the sensor projection (Figure 40) of this
discriminating component indicated that the extracted component correspon-
ded closely to the Pe (cf. Figures 32 and 34).

The primary question here was whether this classifier, which was trained
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Figure 38: Mean classification performance (area under curve; AUC) using a
4-fold algorithm for a range different time windows form which the training
data was taken. The x-axis specifies the starting point from which onwards a
window of 100 milliseconds (ms) width was extracted.

to predict objective accuracy, would also predict variation in confidence on
correct trials. I therefore applied the classifying component to the response-
locked EEG data from the subset of correct trials not used in classifier training
(M = 553 trials across participants, range 344 — 757), to yield an estim-
ate of Pe amplitude for each time point on each of these trials. The res-
ulting values were averaged across a moving window of 51 ms, and for each
time point were then split into quintiles (smallest to largest Pe amplitude).
Mean confidence within each quintile was then calculated. The results are
presented in Figure 41. They indicate that correct-trial confidence indeed
covaried with the amplitude of the discriminating component. This relation-
ship was reliable for the training window (left window highlighted in Figure
41), F(1.7, 25.9) = 5.9, p = 0.01, 52 = 0.28, with a reliable linear trend,
F(1, 15) = 6.7, p = 0.02, ng = 0.31. The same held for a time window shifted
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Figure 39: Time course of the discriminating component (y) for the Pe time
window, identified by the logistic regression classification analysis of errors
versus correct responses, coded in arbitrary units. The two windows highlight
the training window for the classifier (250 to 350 ms) and a second window,
assumed to capture later parts of the Pe (350 to 450 ms). The legend displays
the average number of trials across participants, together with the minimum
and maximum number of trials; ms: millisecond.
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Figure 40: Sensor projection of the discriminating component identified by
the logistic regression classification analysis of errors versus correct responses,
trained on the Pe time window, coded in arbitrary units.
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100 ms so that it began after the training window was over (350 to 450 ms; right
window highlighted in the figure), F(1.6, 23.6) = 5.5, p = 0.02, 772 = 0.27,
again with a reliable linear trend, F'(1, 15) = 6.8, p = 0.02, 77]% = 0.31.

It can therefore be concluded that confidence varied inversely, and
monotonically, as a function of Pe amplitude. Thus, even on trials matched for
objective accuracy, Pe amplitude varied in a manner predictive of confidence.
Moreover, the resulting gradations in confidence were observed around a high
mean value (5 = probably correct), suggesting that the information reflected
in the Pe not only reflects graded certainty about having made an error (cf.
Steinhauser & Yeung, 2010) but also reflects graded certainty of having made

a correct response.
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Figure 41: Response-locked, moving average confidence (window width: 51
ms) for quintiles of discriminating component; correct trials only; classifier
trained on objective accuracy; ms: millisecond. The two windows highlight
the training window for the classifier (250 to 350 ms) and a second window,
assumed to capture later parts of the Pe (350 to 450 ms). The two right panels
present averaged confidence over the two time windows and quintiles.
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Gradations in confidence on correct trials, classified as correct. It
remains possible, however, that the described association of confidence and
Pe amplitude was driven by changes in the proportion of false error detec-
tions — rather than true gradations in correct-trial confidence — across Pe-
classifier amplitude quintiles. The next analysis therefore aimed to rule out
this possibility. The analysis paralleled the previous one, but now mean confi-
dence was calculated only for hit trials, in which correct responses were rated
by the participant as being correct in their secondary confidence judgement.
Thus, for this analysis, all trials were objectively correct and subjectively-
rated as such. Yet the prediction was that variation in the level of confi-
dence on these trials would follow Pe amplitude. For the training window
(left window highlighted in Figure 42), the effect was only marginally signific-
ant, F'(1.8, 27.7) = 3.0, p = 0.07, 772 = 0.17, with no reliable linear trend,
F(1, 15) = 2.9, p = 0.11, 7]12) = 0.16. However, consistent with this prediction,
mean confidence varied significantly over Pe-classifier quintiles for these hit
trials, F'(1.7, 25.6) = 4.1, p = 0.03, 77;2) = (0.22, with a significant linear trend,
F(1, 15) = 5.2, p = 0.04, 77?, = (.26 for a time window ranging from 350 to
450 ms, therefore non-overlapping with the training window. This is presented
in Figure 42. Taken together, these findings indicate that changes in Pe amp-
litude are associated with subtle shifts in confidence, with increased amplitude
associated with a change in the balance from certainly correct judgements to
evaluations that responses are only probably correct or maybe correct.

I furthermore conducted an analysis to test whether the same results
would also be found if the data were analysed with a classifier trained on data
from the ERN time window rather than for a time window from when the Pe
was observed in the data, given that some researchers have linked the ERN to

error awareness (Wessel, 2012). As previously shown, the AUC was lower for
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Figure 42: Response-locked, moving average confidence (window width:
51 ms) for quintiles of discriminating component; correct trials classified as
correct only (i.e., hit trials); classifier trained on objective accuracy; ms: milli-
second. The two windows highlight the training window for the classifier (250
to 350 ms) and a second window, assumed to capture later parts of the Pe
(350 to 450 ms). The two right panels present averaged confidence over the

two time windows and quintiles.
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such an ERN time window. However, that does not necessarily mean that the
cross-classification analysis would not work, given that this AUC value merely
reflects how well the classifier discriminates between correct and error trials
if applied back to the test set. The above-described analysis was therefore
repeated for a classifier trained on data from a time window ranging from
-40 to 60 ms.

Figure 43 shows the ROC curves for this analysis, both for the overall
classification performance if applied back to the training set (left panel), as well
as for a k-fold classifier applied to the remaining of four folds. For the training
set, the AUC values were on average AUC = 0.80 (min = 0.69; max = 0.93).
This was reliably lower if compared to the previous classifier trained on data
from the Pe time window, #(15) = 3.1, p < 0.01. For the classifiers derived
from the k-fold approach, the average AUC was again slightly lower, AUC =
0.66 (min = 0.54; maxr = 0.88). No difference in folds should have been
expected, given that the data for the folds is selected randomly. Indeed, AUC
did not differ between folds, F'(3,45) = 1.3, p = 0.29, 77127 = 0.08. However,
AUC was again reliably lower for this analysis compared to the classifiers
trained on data from the Pe time window, F'(1,15) = 4.6, p < 0.05, nf) =0.23.
The two factors did not interact, F(3,45) = 1.3, p = 0.30, 1, = 0.08. As for
the previous analysis, all the following analyses used the classifiers obtained by
training on all the available data, not the averaged classifiers obtained using
the k-fold approach.

The time course of the discriminating component is presented in Figure
44 as a function of objective accuracy. Given that the classifier was again
trained to distinguish between correct and error trials, it should be expected
that the time courses for correct and error trials should differ significantly.

This was indeed the case, both for the training window ranging from -40 to
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Figure 43: Classification performance expressed in receiver operating charac-
teristic (ROC) curves for classifier trained on ERN time window. Left panel:
classifier applied back to the training set; right panel: classifier applied to a
new set of data, the test set, using a 4-fold algorithm; FAs: false alarms.

60 ms, t(15) = 7.0, p < 0.001, as well as for a time window shifted 100 ms
forwards (60 to 160 ms), t(15) = 5.6, p < 0.001. The sensor projection,
presented in Figure 45, indicated that the extracted component corresponded
to the topography of the ERN (cf. Figures 32 and 34).

As for the previous set of analysis, the obtained classifiers were then
applied back to the remaining correct trials, trials which had not been used
for training the classifier (M = 553 trials across participants, range 334 -
757). The question here was again whether this classifier, which was trained
on objective accuracy, would also predict variations in correct-trial confidence.
Applying the classifier back to the test sets yielded estimates of the ERN
amplitude for each time point. These estimates were again averaged over
a sliding window of 51 ms, and then split into quintiles. For each of these

quintiles and time points, average confidence was then again calculated. The
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Figure 44: Time course of the discriminating component (y) for the ERN time
window, identified by the logistic regression classification analysis of errors
versus correct responses, coded in arbitrary units. The two windows highlight
the training window for the classifier (-40 to 60 ms) and a second window (60
to 160 ms), to mirror the previous analysis of the Pe-trained classifier. The
legend displays the average number of trials across participants, together with
the minimum and maximum number of trials; ms: millisecond.
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Figure 45: Sensor projection of the discriminating component identified by
the logistic regression classification analysis of errors versus correct responses,
trained on the ERN time window, coded in arbitrary units.
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results from this analysis are present in Figure 46. In contrast to the previous
classifier analyses, correct-trial confidence did not covary reliably with the
amplitude of the discriminating component, F'(1.3, 19.9) = 1.1, p = 0.33, 775 =
0.07, and there was no reliable linear trend, /' < 1. For a time window that was
shifted 100 ms forwards (60 to 160 ms), the effect of quantile was marginally
significant, F(1.2, 17.9) = 3.4, p = 0.07, 7]12, = 0.19. There was no reliable
linear trend, though, F'(1,15) = 3.0, p = 0.10, 77; = 0.17. It can be concluded
from these results that a classifier trained on data from the ERN window could

not be used reliably to detect fine-graded variations in correct-trial confidence.
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Figure 46: Response-locked, moving average confidence (window width:
51 ms) for quintiles of discriminating component; correct trials only; classifier
trained on objective accuracy; ms: millisecond. The two windows highlight
the training window for the classifier (-40 to 60 ms) and a second window (60
to 160 ms), to mirror the previous analysis of the Pe-trained classifier. The
two right panels present averaged confidence over the two time windows and
quintiles.

Analysis of the stimulus-locked P3. The P3, a positive deflection occur-

ring approximately 300 ms after the onset of a task-relevant stimulus, has pre-
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viously been linked to confidence (Squires, Squires & Hillyard, 1975a; Kerkhof,
1982; Squires, Hillyard & Lindsay, 1973; Squires, Squires & Hillyard, 1975b;
Wilkinson & Seales, 1978; Sutton, Ruchkin, Munson, Kietzman & Hammer,
1982; Hillyard, Squires, Bauer & Lindsay, 1971; Selimbeyoglu, Keskin-Ergen
& Demiralp, 2012). The question arises as to whether the effects reported
here are not merely a reflection of the sensitivity of the stimulus-locked P3 to
confidence. For instance, studies about the P3 have identified two subcompon-
ents (Polich, 2007), and the argument has been raised that the Pe might be
a late P3 that has continued through the ERN (Davies, Segalowitz, Dywan &
Pailing, 2001; Wessel, 2012). More specifically, the idea has been that errors
often happen because people respond before they have fully categorised the
stimulus (premature responses). On such error trials, we might expect the P3
to happen after the response, whereas on correct trials the P3 will tend to
occur earlier relative to the response.

However, the effects that were observed for the response-locked Pe are
the precise opposite of those previously reported for the stimulus-locked P3,
which usually has a larger amplitude for more confident responses. To assess
how stimulus-locked P3 varied with confidence in this dataset, I quantified the
P3 as average voltage in a time window ranging from 350 to 500 ms post-
stimulus: Whereas Pe amplitude varied inversely with decision confidence, P3
amplitude correlated positively, F'(2.6, 39.5) = 5.1, p < 0.01, 775 = 0.25, with a
reliable linear trend, F'(1, 15) = 11.1, p < 0.01, 7]}% = 0.43. This dissociation is
illustrated in Figure 47, which plots stimulus-locked P3 amplitude as a function
of decision confidence (left panel) together with a summary of our Pe results
(right panel), F'(3.3, 49.3) = 16.1, p < 0.001, 7 = 0.52, with a reliable linear
trend, F'(1, 15) = 36.7, p < 0.001, 77]% = (0.71. The Pe results were similar but

not identical to the ones shown previously (Figure 33), only that for this new
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analysis, I used a pre-stimulus baseline, furthermore ruling out any potential
baseline contamination artefact from the stimulus-locked P3. The key results
reported here were also apparent in an analysis using such a baseline. All
these analyses comparing the P3 and Pe were carried out using data that was
filtered with a 20 Hz cutoff instead of 12 Hz, as in previous analyses, to test
whether the filter used for all previous analyses did not result in shifting of the

here-studied ERP components.
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Figure 47: Averaged activity as a function of subjectively-rated confidence.
Left panel: stimulus-locked P3 over a time window ranging from 350 to 500
millisecond (ms). Right panel: response-locked Pe over a time window ranging
from 250 to 350 ms; uV: micro-volt.

3.1.3 Discussion

The present experiment provides new insight into the neural mechanisms of
metacognition and the relationship between error monitoring and decision con-
fidence. The findings indicate that the Pe, an EEG index of error processing,

also varies with decision confidence on correct trials. Thus, a Pe classifier
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trained to discriminate between objectively correct and incorrect trials was
predictive of fine-grained differences in correct-trial confidence on single trials.
Crucially, this association was not driven by changes in the proportion of trials
classified as errors across confidence ratings, but rather reflected truly graded
change in correct-trial confidence: Pe amplitude was predictive of subtle shifts
in confidence (e.g., from certainly to maybe) on trials that were objectively
correct and accurately judged so by participants.

Furthermore, I tested whether the reason why Pe amplitude was found
to vary with confidence was merely a reflection of the P3 being sensitive to de-
cision confidence (Hillyard et al., 1971) with the result that the stimulus-locked
P3 exhibited precisely the opposite relationship to the one shown by the Pe:
increasing in amplitude as confidence increased. These results demonstrate a
clear functional dissociation between the P3 and Pe. In additional analyses, it
was confirmed that the inverse relationship between Pe amplitude and confi-
dence was replicated using pre-stimulus rather than pre-response baseline, thus
ruling out any potential baseline contamination artefact from the stimulus-
locked P3 effect.

The observed association of Pe amplitude with both error detection
and decision confidence is consistent with the proposal that these two meta-
cognitive evaluations reflect similar underlying mechanisms (Yeung & Summer-
field, 2012, 2014). In prior work on error detection, binary error judgements
have been studied, often with concurrent EEG recording and instructing par-
ticipants to press a button when they think they have made an error. In the
memory and perceptual decision-making literature, on the other hand, the fo-
cus has typically been on graded judgements of confidence or certainty, which
ask participants to rate how correct they think they were in the decision that

they just made. These two lines of research have addressed similar questions
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with similar methods, but have rarely been linked. The findings from the
present experiment suggest a strong link between neural correlates of error
awareness and decision confidence, with substantive implications for current
theories in the respective fields. First, linking decision confidence to well-
characterised EEG correlates of error processing should place usefully strong
constraints on emerging theories of the neural basis of metacognitive mon-
itoring (Fleming & Frith, 2014). Second, an association between confidence
and errors presents a significant challenge to many current models of decision
confidence, which explain graded evaluations of correct-trial confidence but
which struggle to account for error judgements: Many theories propose that
confidence judgements are formed at the time of the primary decision, yet er-
ror judgements are known to depend on continued processing of stimulus and
response information after the initial decision (Yeung & Summerfield, 2012,
2014).

Meanwhile, in research on error monitoring there has been debate over
whether error detection is better characterised as a discrete, all-or-none process
(e.g., Falkenstein et al., 1991; Wessel, 2012) or a graded continuous judgement
(e.g., Scheffers & Coles, 2000; Steinhauser & Yeung, 2010). The findings re-
ported here strongly support the latter hypothesis, and extend it to show that
the continuum of error certainty is continuous with fine-grained judgements
of certainty that a response is correct: On the 6-point confidence scale used
in the present experiment, correct-trial confidence varied around a high mean
value (5.0) with relatively small standard deviation (0.8). Correspondingly, I
observed very fine-grained variation in correct-trial confidence as a function of
Pe amplitude, spanning a relatively narrow range of values clustered around
high confidence judgements (quintile range of 4.9 — 5.1).

As such, the present findings bear on the question of whether neural
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correlates of error processing vary discretely or continuously, and help to re-
solve ambiguities in prior research on this question. Wessel (2012) suggested
that the late Pe reflects error awareness as an all-or-none process, and Charles
et al. (2013) have made a corresponding argument for the ERN based on
evidence that this component is observed only on trials in which the stimu-
lus is consciously perceived. Conversely, Scheffers and Coles (2000) reported
systematic variation in ERN amplitude with confidence. In this context, it
is noteworthy that I found the ERN and Pe both to vary in amplitude with
subjective confidence, but only the Pe was predictive of graded changes in con-
fidence across trials in our multivariate analysis. This difference between ERN
and Pe might simply reflect greater amplitude and SNR for the latter compon-
ent (even though the ERN is robustly measurable on individual trials; Parra
et al., 2002). However, a more intriguing possibility is that ERN amplitude
fails to predict variation in confidence on single trials because it is an all-or-
none signal (cf. Charles et al., 2013), and that the observed association with
confidence seen in averaged ERPs (Figure 3A; Scheffers & Coles, 2000) reflects
variation in the probability that this all-or-none signal is triggered across tri-
als with differing levels of confidence. If correct, this interpretation suggests a
reconciliation of previously contradictory findings regarding the ERN. Regard-
less, the findings indicate that the Pe is a stronger correlate of error awareness
(Nieuwenhuis et al., 2001; Hester et al., 2005; Steinhauser & Yeung, 2010)
and can simultaneously index associated variation in decision confidence. The
findings reported here also have practical implications in suggesting that Pe
amplitude can provide a robust ‘non-invasive’ index of participants’ confidence.
In EXPERIMENT 5, reported in Chapter 4, I therefore use single-trial Pe amp-

litude as an unobtrusive measure of confidence.
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3.2 A single-route model of decision confidence
and error detection

The work shown in this thesis so far has led to the conclusion that confidence
and error detection may be expressions of the same underlying metacognitive
processes. However, the question remains as to precisely how both types of
judgements might be generated by the same internal mechanism. This will
be the key question addressed in the second half of the present chapter. For
instance, one could assume that confidence is a graded signal derived by com-
paring evidence in favour of the chosen response option and the unchosen re-
sponse option — a balance-of-evidence mechanism similar to the ones discussed
in Chapter 1. This graded signal could then be mapped onto a continuous
or categorical confidence scale (Moreno-Bote, 2010), and can even be dicho-
tomised whenever binary error judgements are needed. In its simplest possible
form, such a mechanism assumes a single processing route in which evidence
is accumulated which then leads to both the first-order decision and the con-
fidence judgement. In the present section, I report results from simulations,
showing that such a simple account of decision making can serve as an adequate

starting point for modelling the formation of metacognitive judgements.

3.2.1 Basic confidence mechanisms in a sequential sampl-
ing model

Several computational models of confidence have already been discussed in
this thesis, many of them assume evidence accumulation towards a decision
threshold as a core mechanism. These models can be roughly divided into two

separate classes: (drift) diffusion models and race models, which differ mainly
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in the assumed correlation between the neuronal integrators (Bogacz, Brown,
Moehlis, Holmes & Cohen, 2006). Diffusion models assume that balance of
evidence is tracked over time, that is the difference in evidence between the
two response options. Assuming such difference coding has the advantage of
being more parsimonious, in the sense that only one evidence counter is re-
quired as opposed to two. However, the disadvantage of such a model is that
the overall balance of evidence at the time the decision threshold was reached
— often assumed to reflect confidence (Vickers & Packer, 1982) — is irretriev-
ably lost. Alternative solutions have been suggested as to how confidence can
result from a diffusion model. Pleskac and Busemeyer (2010), for instance,
assume post-decision processing in their 2DSD model, with an interpretation
of post-decision evidence relative to several confidence boundaries. Here, how-
ever, | focus on the more intuitive balance-of-evidence assumption as the basis
of confidence, and therefore assume a race model, that is a model with two
evidence counters, which have to be at least partially uncorrelated. Examples
of such models can be found in Vickers and Packer (1982) and Merkle and Van
Zandt (2006), as discussed in Section 1.4.

The decision model that will be proposed in the present chapter also
relies on such a balance-of-evidence mechanisms in the context of a race model,
more precisely post-decisional balance of evidence: Two consecutive decision
thresholds are assumed, similar to the model by Van Zandt and Maldonado-
Molina (2004). The first threshold constitutes the response threshold, while
the second elicits the metacognitive judgement. Different to the model by Van
Zandt and Maldonado-Molina (2004), however, is that reaching this second
threshold also means that a trial is classified as conscious. Confidence is as-
sumed to be a function of the balance of evidence at the time of the second

threshold or at a fixed deadline, whichever happens first. This mechanism
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gives rise to a graded metacognitive signal, which can then be transformed
into graded confidence judgements, as well as binary error detection judge-
ments. My model therefore assumes that both types of judgements rely on the
same mechanism. Results from simulations will be reported that qualitatively
mimic the findings reported for the dot-count decision task. To foreshadow,
simulated correct RTs and error rates vary as a function of difficulty, with
changes in difficulty manipulated through changes in drift rate. Moreover, the
model produces lower confidence signals for error trials compared to correct
trials, but with a substantial overlap between the confidence distributions, as
previously observed. Also consistent with previous findings, this overlap is
smaller for easy compared to difficult conditions. These findings suggest that
the model was able to simulate the confidence resolution observed in human
participants.

However, arguing that stimulus discriminability affects both response
speed and accuracy is by no means new and has been shown and discussed in
the context of many different sequential-sampling models (for an overview, see
Ratcliff & Smith, 2004; P. L. Smith & Ratcliff, 2004). The novel contribution of
the confidence model described here will instead be to show how different levels
of stimulus discriminability affect metacognitive insight, that is the difference
between confidence on correct and error trials. I would assume that both
the original model by Vickers and Packer (1982) as well as the changes-of-
mind model by Van Zandt and Maldonado-Molina (2004) would already have
produced similar data patterns, however, neither of these previous studies
focused on this measure. Here, I argue that when studying confidence, it is
crucial to not only focus on average levels of confidence but instead to extend
the analysis to confidence as a function of objective accuracy. I therefore also

present simulated distributions of confidence responses and I compare these to
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empirical distributions reported in the context of EXPERIMENT 1 (as shown

in Figure 11).

3.2.2 Extension of the model to also include metacogni-

tive insight for unconscious decisions

A recent study by Charles et al. (2013) presented evidence in favour of the
hypothesis that people have metacognitive insight even if they report that
they were not consciously aware of the evidence that led to their primary
decision. More specifically, the authors presented participants briefly with a
number stimulus which was subsequently masked, as illustrated in Figure 48.
The stimulus-onset asynchrony (SOA) between the stimulus and the mask was
varied so that the amount of evidence that entered the visual system could
be manipulated. After responding to the stimulus, participants had to also
rate whether they saw the stimulus or were just guessing, as well as whether
or not their response was correct or incorrect. One of the key findings, which
have already partly been discussed above, was that even if participants repor-
ted a stimulus as unseen, they still showed weak metacognitive insight. They
moreover found that subjective visibility ratings as well as objective accur-
acy were affected by the SOA difficulty manipulation, as were metacognitive
ratings.

Varying visibility by means of such an SOA manipulation constitutes
a qualitatively different manipulation of difficulty compared to the above de-
scribed manipulation of discriminability: Rather than assuming changes in
overall accumulation rate, a manipulation on SOA results in dynamic changes
in drift rate over the course of a single decision. In other words, it is as-

sumed that stimulus information only affects evidence accumulation during
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Figure 48: Figure reproduced from Charles et al. (2013): details of the decision
paradigm, which included a manipulation on visibility by varying the duration
(stimulus-onset asynchrony; SOA) between the presentation of the stimulus
and a mask. After each choice, participants first classified the stimulus as seen
or unseen and then the decision as an error or a correct trial; ms: millisecond.

early stages of the decision, whereas after onset of the mask, the decision
process is governed only by noise. I therefore test whether my confidence
model can also simulate the effects caused by such a manipulation, focusing
on changes in accuracy, visibility and metacognitive insight.

The confidence model will therefore have to be able to distinguish
between conscious and unconscious trials. This can be incorporated by the
same two thresholds from which responses and metacognitive judgements arise:
If the model reaches the second threshold before a pre-specified deadline, then
this trial is consequently classified as conscious. If this second threshold is
not reached within the pre-specified time window, the trial is reported as un-
seen. The main difference between my model and the model proposed by Van
Zandt and Maldonado-Molina (2004), is therefore the implementation of such
a consciousness threshold.

My model will address yet another challenging finding reported by
Charles et al. (2013): On trials classified as unseen, metacognitive insight was

lower compared to trials classified as seen and importantly, this effect was in-
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dependent of SOA. To foreshadow, the model captured such a ‘jump’ in meta-
cognitive performance dependent on subjectively-rated visibility. This finding
is particularly interesting, given that Charles et al. (2013) suggested that such
a data pattern could only be simulated with a dual-route model, similar to the
one proposed by Del Cul et al. (2009, the full model description can be found in
the supplementary material). In contrast, the model presented in this chapter
could be described as a single-route model, meaning that there is only one set
of counters — one for each choice alternative — which accumulate evidence over
time. Within this same system, decisions and awareness depend on different
criteria, whereas a dual-route model assumes that evidence is accumulated in
two distinct routes. One of these routes is fast but noisy — the unconscious
response route — while the other is slow but more precise — the higher-level
conscious decision route. A dual-route model therefore consists of two separ-
ate sets of racing counters. A decision is elicited whenever a counter in one of
these routes reaches a decision boundary. Errors are detected whenever there
is a mismatch between the two routes. I focus more on the differences between
a single- and a dual-route account of these metacognition and visibility data
in the discussion, after presenting results from my simulations.

Importantly, I simulate only the behavioural results reported by Charles
et al. (2013), whose main focus was on the absence of the ERN on unconscious
trials. My aim is not to simulate these ERN findings here, but I will get back
to these in Section 3.2.5. A key point made by Charles et al. (2013), however,
is that their data suggest a dual-route model and therefore a challenge to any
single-route theory like the one proposed here. So the question is whether
my single-route model would be able to explain their findings, specifically by

assuming a two-threshold model.
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3.2.3 Model architecture

Figure 49 shows eight example decisions that illustrate the architecture of the
single-route model of decision confidence. Those decisions are at the same time
examples of the eight different trial types, being a combination of whether or
not a trial was correct or incorrect, classified as correct or incorrect by the
model, and whether the trial was reported as seen or unseen by the model.
The latter factor, visibility, will be discussed in the second set of simulations
(Section 3.2.4.2).

The model is first used to simulate data from the dot-count task used
in all of my previous experiments. Two accumulators, which are completely
independent meaning that they do not inhibit each other, integrate evidence
in favour of the two response alternatives, in this case that the larger num-
ber of dots is presented on the left or on the right of the screen. A choice
is elicited if evidence in one of the counters exceeds the response, or first-
order threshold 7;. Importantly, the race continues after the counter reached
this threshold towards the second-oder threshold 75, at which a metacogni-
tive judgement is given according to the current balance of evidence between
the two counters. If the second threshold has not been reached within a pre-
specified time, however, confidence is assumed to be the balance of evidence
at the time at which the race process was aborted. In the present section, I
describe in detail the key features of the model.

In the two separate evidence counters, evidence is accumulated at every
time step. One time step corresponds to a millisecond in this model. At any
point in time, a noisy sample at the visual input s;(¢), is created by adding the
current visual input for the respective counter, v.(t), to Gaussian noise with a

standard deviation of o;,
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Figure 49: Eight possible trial types follow from the confidence model, depend-
ing on whether the trial was classified as seen (left panels) or unseen (right
panels), whether the trial was objectively correct (upper panels) or incorrect
(lower panels), and also depending on whether the trial was subjectively clas-
sified as correct (first and third row) or incorrect (second and bottom row).
The traces of accumulated evidence (coded in arbitrary units) are displayed in
green and red; balance of evidence in black. Grey shaded areas: time during
which input from the visual stimulus was present; ms: millisecond; 7y: first-
order threshold; 7»: second-order threshold; ¢;: time at which m was reached;
to: time at which 75 was reached or trial was aborted; RT: response time.
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si(t) = ve(t) + N(0, ). (3)

For the examples shown in Figure 49, the stimulus is shown for 50 ms,
highlighted by the grey area. This noisy stimulus sample is then used to create
an evidence sample for each counter separately, where it is contaminated again

by normally distributed noise with a standard deviation of o,,

se(t) = s;(t) + N(0, 0,). (4)

These evidence samples are then integrated within each counter over

time,

zo(t) = w (t — 1) + s.(¢). (5)

Most participants are right-handed, which often results in faster and
more frequent responses with the right hand. This bias was also incorporated
into the model. For the counter corresponding to the left hand, the starting
point is normally distributed around zero with a standard deviation of one

third of the response threshold,

Zl :N(()?gl)a (6>

whereas for the right hand counter it is slightly biased with a Nor-
mal distribution around half of the response threshold and again a standard

deviation of one third of the response threshold,

& =N(O D, (7)
Evidence accumulation continues like this in both counters. Moreover,
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the evidence time series are clipped at 0. In other words if the evidence value
in a counter is negative, it is set to zero for this time step (behaving like a
reflecting lower boundary). A response is emitted once one of the counters
reached the response threshold, or first-order threshold 7;. In the examples in
Figure 49, 7 is represented by the horizontal dotted line in the middle. The
RT is then registered as RT = t; + T,,, where T., denotes the non decision
time and ¢; the time at which the first threshold was reached. In Figure 49,
t1 is the left vertical line in each subplot. The upper four panels in Figure 49
show examples in which the counter representing the correct response option
reached the response threshold first, whereas the lower four panels present
error trials in which the other, incorrect counter won the race.

After reaching the first threshold, evidence accumulation continues to-
wards a second threshold, the second-order threshold, 5. In the examples in
Figure 49, 7 is represented by the top-most horizontal dotted line. The trial
would terminate if one of the counters reached this threshold (left panels in
Figure 49), or if a deadline was reached at 350 time steps after the response
(right panels in Figure 49). In Figure 49, this time point is highlighted as t5,
the right vertical line in each subplot. Only if the second threshold 7 has
been reached the trial was classified as seen. Confidence is then defined as a
function of the balance of evidence at the time when the second threshold or
deadline was reached (t). This balance of evidence is calculated relative to
the chosen option, which explains why in Figure 49, the black line representing
the balance-of-evidence time course only starts after the vertical line denoting
the response. The relative balance of evidence is calculated using an adapted

version of the formula proposed by Merkle and Van Zandt (2006),

. xwin(tQ)
Confidence = , 8
f Lwin (t2) + Llose (tQ) ( )
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where 2, (t2) denotes the amount of evidence accumulated in the win-
ning counter (corresponding to the chosen response option) at time t,, that
is when the second threshold or the deadline was reached. This results in
confidence being scaled to a range from zero to one with 0.5 representing a
cutoff between trials classified as errors (see negative balance of evidence in
Figure 49) and corrects. In other words, the balance of evidence is negative
when the order of the counters has changed. This leads to a confidence value
smaller than 0.5 and represents a detected error or a change of mind. This
model therefore assumes a stable error signalling criterion, despite recent find-
ings that participants are able to flexibly adjust their criterion (Steinhauser
& Yeung, 2010). However, for now I would like to argue that 0.5 ought to
be fixed as a neutral, but arbitrary cutoff. Future versions of the model can

explore changes in the error-signalling criterion.

3.2.4 Simulations

A good model of confidence should exhibit several crucial features of empir-
ically observed data. First, I would expect to find that the model simulates
basic effects of difficulty on first-order performance: higher error rates and
increased RTs for more difficult compared to easier trials. Second, with regard
to second-order performance, I would expect the model to simulate larger dif-
ferences in correct- to error-trial confidence for easier trials compared to more
difficult ones. Both first- and second-order effects are addressed in Section
3.2.4.1. Third, I would expect the model to also show sensitivity to an SOA
manipulation, resulting in changing proportions of trials classified as either
seen or unseen. More specifically, I would expect to find that longer masking
times lead to decreased error rates and higher proportions of trials classified

as seen, similar to the findings by Charles et al. (2013). Fourth, I expect
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differences between correct- and error-trial confidence to be larger for longer
masking times. As a fifth and final prediction, I expect the model to mimic
weaker metacognitive insight for trials classified as unseen, as also reported by
Charles et al. (2013). The latter effects will in turn be addressed in Section

3.2.4.2.

3.2.4.1 Basic first-order and confidence effects

Two simulations were run to test whether the model would be able to mimic
the effects on RTs, error rates, and confidence given two different difficulty
manipulations — the difference in dots and the above-mentioned SOA manip-
ulation. First, the dot-count manipulation will be discussed. To simulate
first-order behaviour from the findings of EXPERIMENT 1, ten different diffi-
culty levels were chosen. All the parameter settings reported here resulted from
hand-fitting the model, given that only qualitative patterns were analysed and
compared. Those ten levels of difficulty were simulated by varying the visual
input v.(t), which is the accumulation rate in this model. Rates for ten dif-
ferent levels of difficulty were chosen, increasing quadratically from 0.80% to
3.052 with the base increased in steps of 0.25. As in the previous experiments,
the stimulus was shown for 160 ms. During this period, the stimulus input
was set to the accumulation rate for the objectively correct response alternat-
ive. The other, objectively incorrect alternative was set to a small drift rate
of 0.10. After this time window, the stimulus input was set to zero for both
counters. A maximum of 4,000 time steps was simulated after which time the
trial was aborted. The standard deviations for the normally distributed noise
at input and response level were set to o; = 0.1 and o, = 10, respectively. The
thresholds were set to m; = 300 and 5 = 550 and a constant non-decision time

of T,, = 300 ms was added to all resulting decision times to form the RTs. For
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each of the ten levels of difficulty and the objectively correct response option
(out of 2 response alternatives), 2,000 trials were simulated. This resulted in
a total of 40,000 simulated trials.

Figure 50 presents how error rates and correct RTs varied with simu-
lated difficulty. Faster RTs in easier conditions follow from the fact that higher
drift rates allow the counters to reach the response threshold 7 faster com-
pared to lower drift rates. Higher drift rates also increase likelihood that the
incorrect counter reaches the response threshold 7 first, thereby resulting in
lower error rates in easier conditions. This Figure closely resembles the data
pattern found for human participants (Figure 8). The model was therefore

successful in simulating the general first-order data patterns.

Correct RTs Error Rates
RT (ms) 1 Error Rate 1
500 -
- 0.3 1
400 - _
Bl £3
300 - 021
200 A
0.1 1
i
0- 0- !
Difficult > Easy Difficult > Easy

Difficulty Difficulty

Figure 50: Simulated first-order performance as a function of difficulty, that
is discriminability modelled as changes in drift rate. Correct response times
(RTs, left panel) and error rates (right panel) ranging from the most difficult
(red bar) to the easiest (magenta bar) condition. Error bars are standard
errors of the mean; ms: millisecond.

Figure 51 shows average confidence values computed as a function

of the balance of evidence at the end of the post-decision processing phase

180



Chapter 3

according to Equation 8 for all ten simulated difficulty conditions. This data
pattern was again very similar if compared to the empirical one presented in
Figure 9, that is higher confidence on correct compared to error trials and a
larger difference for easier dot decisions. This is caused by the fact that for
easier conditions and consequently higher drift rates, most trials are correct
trials with a large difference between the final totals of the two counters, leading
to large correct-trial confidence. On the few trials on which the model chose the
incorrect response, the counter accumulating evidence in favour of the correct
response alternative, however, often ‘caught up’ with the (incorrectly) winning
counter, reaching the second-order threshold 7, first and therefore signalling
a change of mind (see second and third row of Figure 49). A lower drift
rate in more difficult trials, in contrast, means that there is usually a smaller
difference between the counters on correct trials, leading to lower correct-trial
confidence. This also means that for error trials, the correct counter is lacking
a large enough drift rate to ‘catch up’ with the winning counter, therefore
resulting in higher error-trial confidence relative to errors on easier trials.
Indeed, the confidence distributions were distinct but overlapping for
most difficulty conditions, as presented in Figure 52. This figure presents,
for each of the simulated difficulty conditions, both the probability density
functions for the confidence values as a function of objective accuracy, as well
as dichotomised error detection distributions. If compared to the previously
analysed experiments in this thesis (Figure 11) these distributions are very
similar with a larger overlap for more difficult conditions, reflected both in
the continuous confidence data and the binary error detection judgements.
Moreover, it can be seen that the mass of the distributions is concentrated near
the right end of the scale. The simulated confidence data therefore replicated

the finding that participants are on average — correctly — assuming that they
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Figure 51: Simulated confidence for the ten difficulty conditions as box plots;
50% of the data lie within the box, the thick black horizontal line within each
box indicates the median, the whiskers extend to 1.5 times the interquartile
range (IQR); outliers are displayed as dots.

are correct rather than incorrect.

Taken together, it can be concluded from these findings that the confi-
dence values generated by the model simulate good metacognitive resolution,
similar to the empirical findings reported previously. Moreover, the simula-
tions demonstrate how both graded confidence judgements and binary error

detection judgements could arise from a single mechanism.

3.2.4.2 Visibility manipulations

The simulation results reported in the previous section suggest that a single-
route model can explain core features of confidence and error detection. The
question addressed here is whether the model can also deal with findings that
have previously been taken to support dual-route models in which there are

distinct bases for confidence and error judgments. Specifically, I aim to simu-
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Figure 52: Simulated distributions of confidence responses as a function of
difficulty and objective accuracy. The different panels represent difficulty con-
dition, starting at the most difficult condition (2 dots difference) in the top-
most, left panel. Within each panel, continuous confidence data is shown as
histograms on the left. The same data can by dichotomised by splitting it at
a cut off of 0.5, as shown on the right.
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late effects caused by the visibility manipulation used by Charles et al. (2013),
which resulted in increases in accuracy, visibility rates and metacognitive in-
sight for longer masking times. The challenging finding that the model was
set to simulate was the pronounced increase in metacognitive insight for trials
subjectively classified as seen compared to trials classified as unseen. Only
one accumulation rate was used for these simulations, v. = 5. Instead, the
time during which this visual input was available to the model was varied in
eight steps, comprising the following eight SOA values: 16, 32, 48, 64, 80, 96,
112, and 128 ms. As for the previous simulation, 2,000 trials per condition
were simulated. Given the eight SOA conditions and the two possible stimulus
sides, this resulted in a total of 32,000 simulated trials.

First, it is important to simulate basic, first-order effects to ensure
that the model is capable of capturing these, before focusing on the more chal-
lenging metacognition findings. It therefore had to be determined whether
the model was able to simulate the nonlinear pattern of visibility ratings usu-
ally observed with such tasks (see Figure 53B). The right panel of Figure 54
presents proportions of trials classified as seen as a function of SOA, that is
trials for which one of the counters in the model reached the second-order
threshold 7 before the deadline has passed. The data pattern indeed mim-
icked the nonlinear psychometric functions that have been found for human
participants (e.g., Charles et al., 2013; Del Cul et al., 2009), with about 20%
of trials classified as seen for the shortest SOA as opposed to almost 100% for
the longest SOA. This makes sense if we consider that for longer SOAs, the
evidence sampling is driven by visual stimulus information longer than just
by noise (after the mask is shown), and the counters therefore have a larger
chance of reaching not just the first-order, response threshold 71, but also the

second-order threshold 7.
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Figure 53: Figure reproduced from Del Cul et al. (2009): accuracy (left panel)
and proportion of trials reported as seen (right panel) shown as a function of
stimulus-onset asynchrony (SOA), ranging from 16 to 133 milliseconds (ms)
between presentation of the visual stimulus and the onset of a mask. Data for
both a patient and a control group are shown, but the patient group can be
ignored here.
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Figure 54: Simulated proportion of simulated accuracy (left panel) and trials
reported as seen (right panel) shown as a function of stimulus-onset asynchrony
(SOA), ranging from 16 to 128 milliseconds (ms) duration of visual input to
the model, simulating presentation of the visual stimulus and the onset of a
mask.
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The next question was whether the model proposed here was able to
simulate the relationship between SOA and accuracy as reported by Charles et
al. (2013) or Del Cul et al. (2009), who both found accuracy to increase with
SOA (see Figure 53A). As shown in the left panel of Figure 54 this was also
the case here. This was due to the fact that for longer SOAs, the objectively
correct counter had a substantially longer boost and therefore a much higher
chance of reaching the response threshold 7 first. The shortest SOA used here
resulted an accuracy of 57.8% — much higher than the almost 0% reported by
Del Cul et al. (2009). However, this was due to the fact that the task simulated
here was a 2-alternative forced-choice (2AFC) task, therefore chance rate was
50% as opposed to their task, which had ten response alternatives and therefore
a chance rate of 10%.

After showing that the model is capable of simulating basic, first-order
effects, I focus on the more challenging metacognition findings. Error detection
ratings were compared as a function of SOA, objective accuracy, and subject-
ive visibility ratings. In Figure 55, reproduced from Charles et al. (2013), it
can be seen that the overall proportion of misclassified trials decreases with
increasing SOA, suggesting that longer masking times result in better meta-
cognitive insight. The confidence model successfully simulated this finding, as
can be seen in Figure 56. Moreover, if just the lower half of the figures are
considered, that is trials classified as unseen by the model and participants,
more trials are classified correctly (solid areas) than incorrectly (diagonally
shaded areas). This effect was present both in the empirical data (Figure
55), as well as in the simulations (Figure 56). From this finding, it can be
concluded that weak metacognitive insight was present even for unconscious
stimuli. Moreover, these figures reflect the two previously discussed effects of

SOA: For higher SOAs, a larger proportion of trials lies in the upper half of
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the figure, meaning the model classified those trials as seen. Also, for higher
SOAs, the bars are more and more blue, meaning that the model chose the
correct response option more often. Second, these figures contain information
about the relationship between SOA, visibility and error detection. The solid
areas reflect the proportions of trials correctly classified, that is correct trials
classified as correct (a hit, according to type-II SDT) and errors classified as
errors (correct rejection). Diagonally shaded areas, on the other hand, re-
flect proportions of trials that have been misclassified, that is correct trials
classified as errors (false alarm), and errors classified as correct trials (miss).
Taken together, visual inspection of the results by Charles et al. (2013) and
the simulations suggest that the model mimicked two of the key findings on
error detection: Metacognitive insight was present even for unconscious trials
and the amount of visual information entering the decision system (i.e., the

SOA manipulation) had an effect on this insight.
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Figure 55: Figure reproduced from Charles et al. (2013): proportions of trials
for different stimulus-onset asynchrony (SOA) conditions. Objective accuracy
of the trials is reflected in their colour: correct trials in blue and incorrect
trials in red. Error signalling is reflected in their shading with trials classified
according to their objective category displayed in solid and wrongly classified
trials diagonally shaded. Trials reported as seen are displayed in the upper
part of the figure, while unseen trials are shown in the lower part.
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Figure 56: Simulated proportions of trials for different stimulus-onset asyn-
chrony (SOA) conditions. Objective accuracy of the trials is reflected in their
colour: correct trials in blue and incorrect trials in red. Error signalling is
reflected in their shading with trials classified according to their objective cat-
egory displayed in solid and wrongly classified trials diagonally shaded. The
continuous confidence data was dichotomised here by splitting it at a cut off
of 0.5. Trials reported as seen are displayed in the upper part of the figure,
while unseen trials are shown in the lower part; ms: millisecond.
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The previous simulations suggested that the confidence model is cap-
able of capturing basic data patterns related to first- and second-order pro-
cessing. The key question, however, is whether it would also replicate that
metacognitive insight is better for trials classified as seen by the participant,
independent of SOA condition. Figure 56 already suggests this: There are
proportionally more misclassified trials (diagonally shaded areas) in the lower
half of the figure compared to the upper half. However, if such an effect exists,
then it might be easier to see this in more fine-grained, continuous confidence
judgements. This cannot be compared with empirical findings from Charles
et al. (2013), as only binary error detection rating were collected. I would
expect to find a larger difference for correct- and error-trial confidence for tri-
als classified as seen compared to trials classified as unseen. This is precisely
what can be seen in Figure 57. This Figure presents how confidence var-
ies as a function of objective accuracy, SOA and subjective visibility report.
First, the effect of SOA on metacognitive insight can be seen as previously dis-
cussed: Correct-trial confidence increased and error-trial confidence decreased
with longer SOAs. Average confidence increased only slightly for correct trials,
presumably because of a ceiling effect. Second, the upper and lower panels of
Figure 57 should be visually inspected and compared with regard to the key
question of whether subjective visibility judgements have an effect on resol-
ution, independent of SOA. There was indeed a larger overlap between the
correct- and error-trial confidence for trials classified as unseen. This effect is
consistent with the error-detection findings reported by Charles et al. (2013),
who found that participants displayed only weak metacognitive performance
on sub-threshold trials, mostly driven by higher SOA conditions.

Taken together, the simulations reported here suggest that the confi-

dence model can also mimic participants’ behaviour in a task with a manipu-
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Figure 57: Simulated confidence for the eight SOA conditions as box plots;
50% of the data lie within the box, the thick black horizontal line within each
box indicates the median, the whiskers extend to 1.5 times the interquartile
range (IQR); outliers are displayed as dots.
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lation on visibility. Simulated longer presentation of stimuli before they were
masked led to higher proportions of trials classified as seen and also increased
overall accuracy. Moreover, the model successfully captured the effect of SOA
on error detection with more accurate error detection for longer SOAs, as well

as for trials subjectively classified as seen.

3.2.5 Discussion

The data from EXPERIMENT 4 suggested similar neural mechanisms for er-
ror detection and decision confidence. However, given that these judgements
have been studied largely separately to date, there are no existing models that
explicitly account for both. Here, I have proposed a possible hypothesis, by
developing a standard model of confidence (balance of evidence) to include
post-decision processing allowing error detection and confidence, and show
that it can account for a range of findings. First, I showed that the model suc-
cessfully mimicked key patterns of my own decision and confidence data: The
model revealed faster RTs and lower error rates for conditions of high stimu-
lus discriminability, simulated as higher drift rates. Moreover, the simulations
also showed that metacognitive insight — operationalised as differences between
correct- and error-trial confidence — was higher for easier conditions. All these
simulation findings match what has been previously shown for participants in
EXPERIMENT 1. Second, I showed that the model was capable of replicat-
ing recent, seemingly challenging findings reported by Charles et al. (2013):
Subjectively-reported visibility modulates error detection, an effect that was
true over and above the effect of a common visibility manipulation (masking
time) on error detection performance. More specifically, even if masking times
(SOAs) were held constant, “meta-performance showed a sudden jump with

visibility” (p. 86, Charles et al., 2013). The model successfully reproduced
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this data pattern, interpreted by Charles et al. (2013) to suggest the need
for a dual-route model of metacognition, in addition to more basic effects of
masking time on visibility and accuracy rates.

Assuming that confidence relies on a post-decisional balance-of-evidence
mechanism is by no means a novel finding. Indeed, a similar mechanism was
already proposed by Van Zandt and Maldonado-Molina (2004), who imple-
mented such a mechanism to explain why participants sometimes changed
their mind in a recognition memory task. In their expanded race model, the
first threshold also elicits the response, while the second threshold elicits the
confidence judgement. Their model is different, however, in that it does not
make any assumptions over binary error detection processes, or visibility judge-
ments.

The confidence model proposed here assumes a graded metacognitive
signal, which is based on the balance of evidence at the end of a post-decision
processing stage. This signal can be read out directly and reported as graded
confidence, or instead be dichotomised and reported as binary error detection.
Such a mechanism is similar to one of the error detection mechanisms proposed
by Charles et al. (2013, p. 93), described as “statistical information on the
likelihood of having made an error”. On the other hand, the authors also
assumed a second error detection mechanism, which is described as all-or-none
and which they assumed to be present only on trials for which the stimulus
had been reported as seen. The authors suggest that both mechanisms are
necessary to explain why error detection was more accurate for trials reported
as seen. However, with the present study, I have successfully replicated this
effect with a single error detection mechanism.

Moreover, Charles et al. (2013) reported an interesting modulation of

the ERN, which is another reason why they have assumed two separate error
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detection mechanisms. They found an ERN — that is, a difference in amplitude
between correct and error trials at fronto-central electrodes around the time
of the response — only for trials reported as seen, while there was no such
difference for trials reported as unseen. In other words, conscious access to the
visual stimulus is needed in order for an ERN to be produced. The authors
suggest that to simulate such an effect, a dual-route model is needed, proposing
the model by Del Cul et al. (2009) as a suitable starting point. As described
in Section 3.2.2, their dual-route model consists of two separate sets of racing
evidence counters — one for each choice option. One route is fast but noisy
(unconscious response route), the other is slow but more precise (higher-level
conscious decision route). A decision is triggered if one counter within a route
reaches a decision boundary. Trials are classified as seen if a counter within
the conscious route reaches the threshold within a pre-specified time. If the
threshold is not reached, evidence within this route is discarded. An ERN is
triggered if there is a mismatch between the two routes, so per definition, there
can only ever be an ERN on trials classified as seen.

Here, I argue, however, that a dual-route model is not necessary for
explaining the modulation of the ERN. Instead, I would like to suggest that my
single-route model could account for the effect just as well by assuming that
an ERN is triggered by a mismatch between the winners of the two thresholds.
On trials classified as unseen, no winner of the second-order threshold, 7, is
registered and a possible mismatch can therefore not be detected and the ERN
thus not be triggered. I do not provide an explicit simulation here, because the
modulation of the ERN follows intuitively from the mechanism I proposed, but
future versions of the model could be aimed at simulating the ERN, not just
in whether or not it exists but also with regard to its amplitude and precise

timing. Proposing that the ERN is triggered by a simple matching heuristic
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rather than a computationally more complex mechanism like the balance of
evidence makes sense if we consider that the ERN has often been regarded
as an early indication of an error, rather than a reflection of error awareness
(Charles et al., 2013; Steinhauser & Yeung, 2010). This also fits well with the
findings of EXPERIMENT 4, which suggested that the Pe, but not the ERN,
reflects differences in decision confidence.

It is important to stress that this single-route model proposed here
was intended as an illustration of how metacognitive judgements might be
processed internally in a way that combines confidence and error detection.
The aim was to outline a plausible model rather than propose a definite account
or contrast competing alternatives. Further rigorous, quantitative testing is no
doubt necessary to develop this approach into a true computational model of
metacognition, which could then be tested against other models using formal
model comparison approaches. The simulation results would therefore not
only be judged regarding whether or not they fit the empirical data patterns
qualitatively, but also quantitatively. This approach would entail exploring the
multidimensional parameter space using a fitting algorithm such as simulated
annealing (Cerny, 1985; Kirkpatrick, Gelatt & Vecchi, 1983), estimating the
goodness of fit of different parameter combinations to find the a quasi-optimal
solution. One natural test would, for example, be to compare the single-route
approach to a dual-route version of the same model.

A similar, direct comparison of a dual- and a single-route model of de-
cision making has already been reported by Del Cul et al. (2009), who found
that the dual-route model outperformed the single-route model in simulating
both visibility ratings, and choices (no error detection was simulated in their
study). However, it is possible that this reduced goodness of fit was due to

several shortcomings of their single-route model, which have been addressed
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in my model. First, the here-reported model assumes a second threshold,
while the single-route model in Del Cul et al. (2009) implemented visibility as
evidence exceeding a first threshold and unseen trials as trials on which the
choice was forced because this single threshold was not reached. The second
threshold proposed in my model has the advantage that the model is made
more similar to a comparable dual-route account and that any direct compar-
isons in the future would be focusing solely on the single/dual-route feature
of the model. Second, the model reported in the present chapter implemented
fast responses not only by starting point variability and noise in the accu-
mulation of evidence, but also by adding a hand-specific bias, which slightly
favoured responses made with the right hand over responses made with the
left hand. Such a hand bias is often seen for participants, most of which can
be assumed to be right-handed. Presumably, this could have helped in the
simulation of error trials. The single-route model proposed by Del Cul et al.
(2009) struggled with precisely this point, producing lower error rates than
observed in the data.

Taken together, the simulation results reported in this chapter suggest
that a single-route model with a post-decisional balance-of-evidence mech-
anism is able to account for the first- and second-order judgements in the
dot-count task. The model assumes that confidence and error detection judge-
ments arise from the same internal mechanism, as also suggested by the find-
ings from EXPERIMENT 4. Moreover, a visibility manipulation as used by
Charles et al. (2013) and Del Cul et al. (2009) provided another challenging
test for the model, in that subjective visibility judgements modulated error
monitoring performance over and above the effect of a visibility manipulation.
The model also successfully simulated data for this type of task, leading me to

conclude that it represents a straightforward and adequate representation of
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how metacognitive judgements are generated in a decision process and could
therefore serve as a useful starting point for a quantitative model of decision
confidence, which could then be formally compared to other theoretical models

of metacognition in future research.

3.3 General discussion

The present chapter focused on the question of whether confidence judgements
and error detection arise from similar neural mechanisms. Research on both
types of judgements has been carried out largely separate, despite using highly
similar methodology. EXPERIMENT 4 examined neural correlates of meta-
cognition in perceptual decision making. The findings provide evidence that
well-characterised neural correlates of error monitoring are predictive of graded
changes in decision confidence. I propose that the Pe —an EEG component that
has repeatedly been linked to error awareness (Nieuwenhuis et al., 2001; Hester
et al., 2005; Steinhauser & Yeung, 2010) — provides a generic, sensitive index
of decision confidence, and is not limited to binary error detection, suggesting
that shared mechanisms underlie error monitoring and confidence judgements.
This was the case both for averaged data, as well as on the individual-trial
level. The computational model described in this chapter took the hypothesis
of a link between error detection and confidence further, formulating a com-
putational model which assumes that both types of judgements arise from the
same internal mechanism. More precisely, it is assumed that metacognitive
judgements are based on the balance of evidence at the end of a post-decision
processing phase, and which is therefore similar to a model proposed by Van
Zandt and Maldonado-Molina (2004). Such a continuous metacognitive signal

can either be ‘read out’ directly as confidence or dichotomised when binary
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error judgements are required.

Linking error detection and decision confidence has substantive theor-
etical implications. First, I would suggest that my findings have an impact
on current theories of error monitoring, which have studied error detection
largely as an all-or-nothing phenomenon (e.g., the ‘conscious’ error detection
mechanisms proposed by Charles et al., 2013). Here, I have presented data in
support of the idea that error detection — in its entire ‘range’ from sure errors
to sure correct trials — might be a graded signal, which should also be studied
as such. Second, many current theories of decision confidence — such as the
standard balance-of-evidence model (Vickers & Packer, 1982) — struggle to ex-
plain why participants sometimes change their mind and judge responses as
surely incorrect, therefore ignoring half of this ‘range’ of confidence scales. The
reason for this shortcoming of the standard balance-of-evidence model lies in
the implicitly assumed decisional-locus model. Here, I have argued that these
standard models have to be extended to also include post-decision processing,
given that such error judgements are known to depend on continued processing
of stimulus and response information after the initial decision has been made
(Yeung & Summerfield, 2012, 2014). This hypothesis is furthermore suppor-
ted by my findings from EXPERIMENT 2, regarding participants tendency to
take more time to judge their confidence when the time interval between the
response and the onset of the confidence scale is short. Third, another theor-
etical implication concerns the neural basis of confidence, which is still highly
debated (see for instance Fleming & Frith, 2014, for a review). A possible
role of the right rostrolateral PFC, especially area BA10, has been suggested
(Fleming et al., 2010; De Martino et al., 2013; Yokoyama et al., 2010). The
neural basis of error monitoring, on the other hand, is well characterised: It is

commonly assumed that error likelihood is communicated by the medial PFC
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to lateral PFC, which can then execute cognitive control (Yeung, 2013; Egner
& Hirsch, 2005). These findings could therefore provide useful constraints in
building theories of the neural bases of metacognition in decision making.

On a related matter, linking confidence and error detection also sug-
gests that more attention should be paid to the possible functions and uses
of decision confidence in cognitive control, given that the role error detection
plays in such control processes has been extensively studied. This question
has largely been ignored in the line of research on decision confidence. Meta-
cognitive judgments play an important role in decision-making because — as
shown repeatedly in this thesis and elsewhere — they have a significant rela-
tionship with objective performance: When participants report low confidence,
they typically also committed an error; when they express high confidence,
they have most often been correct. Reflecting on one’s own thoughts in this
way is highly essential. Without this ability, learning and adapting to an
ever-changing environment would be almost impossible. Findings from the
error monitoring literature, for example, have reported that participants slow
down after detecting an error (Laming, 1979; Dutilh et al., 2012; Notebaert
et al., 2009), to prevent further mistakes on subsequent trials. Metamemory
on the other hand, that is to say how confident we are that we know some-
thing, has been shown to have an influence on how study time is allocated
(Nelson & Leonesio, 1988). Measures of confidence are therefore important
indices of how participants exert cognitive control (Fernandez-Duque et al.,
2000), but assessing them can be difficult due to several reasons. The first
reason is a rather practical one: Measuring confidence increases the length of
a study, usually doubling or even tripling the amount of time required for a
given number of trials. Second, as suggested by findings from EXPERIMENT

3, assessing confidence judgements can lead to increased primary RTs and a
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more accuracy-focused response strategy, which might not be desirable in some
designs. EEG recordings provide a robust, non-disruptive index of confidence
that circumvents these problems, enabling researchers to assess subjective con-
fidence without requiring participants to make explicit and overt judgements.
This approach will be further tested in EXPERIMENT 5. Taken together, in
addition to these theoretical implications, there is also a practical implication
that follows from a link between error detection and decision confidence: EEG
measures of the Pe as studied here promise to provide a useful non-invasive
and robust index of metacognitive evaluation that might be leveraged in fu-
ture research to assess levels of confidence whenever direct measurement is
impossible or inconvenient, and hence used to shed further light on the under-
lying mechanisms of metacognition in decision making.

Finally, another implication for current theories of metacognition in
decision making follows from the internal mechanism on which confidence and
error detection are based in my model: Many error monitoring theories have
assumed that error detection is based on a mismatch between an intended
action and the actually executed response (Falkenstein et al., 1991; Gehring et
al., 1993; Coles et al., 2001). On the other hand, many confidence theories have
focused on balance of evidence as a basis for metacognition (Vickers & Packer,
1982; De Martino et al., 2013; Van Zandt & Maldonado-Molina, 2004; Kepecs
et al., 2008). Here, I have proposed a mechanism that indirectly combines
both of these mechanisms: post-decisional balance of evidence (cf. Van Zandt
& Maldonado-Molina, 2004). In other words, when the losing counter of the
first decision threshold reached the second threshold first, this trial would
represent a mismatch and therefore a change of mind.

Taken together, the findings reported in this chapter suggest that er-

ror detection and confidence represent the same internal, neural mechanism,
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thereby combining two previously distinct literatures to provide a more com-
prehensive model of metacognition in decision making. I have highlighted the
value of merging the two literatures that have led to different theories, and
different focuses of investigation, by discussing important implications for the
underlying theories of decision confidence and error monitoring, as well as
practical implications for the indirect measurement of metacognitive signals.
As previously proposed by Yeung and Summerfield (2012, 2014), future work
in this area should focus on formulating a common theoretical framework for
metacognition in decision making, for which this chapter aims to provide a

first step.
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Uses of metacognition

Over the course of the previous two chapters, I have highlighted the import-
ance of decision confidence, suggested ways to measure such confidence judge-
ments, and underlined their conceptual overlap with error detection. All of
these questions have in common that they focus on how decisions affect meta-
cognitive judgements (see also Chapter 5). Here, I shift my focus towards
the functional role of decision confidence, specifically to focus on the involve-
ment of metacognitive information in cognitive control. Consistent with this
notion, Shea et al. (2014, p. 186) have defined metacognition as the “use of
metacognitive representations (often, but not exclusively, for purposes of cog-
nitive control)”. Moreover, theories of metamemory have also acknowledged
the key role confidence and other metacognitive cues play in cognitive control.
Dunlosky, Serra and Baker (2007), for instance, divided metacognition into the
three subareas: knowledge, monitoring and controlling one’s own cognitions.
The metamemory model by Nelson and Narens (1990; see also Nelson & Nar-
ens, 1994) also includes a control component. They assumed three stages of
learning: acquisition, retention and retrieval. Throughout these stages, parti-
cipants monitor their own learning progress and memory and — if necessary —

adjust behaviour. This can happen, for example, by means of adapting their
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strategies or deciding whether to continue or stop learning an item. Indeed,
participants use confidence as a cue in guiding the allocation of study time,
spending more time on items they are less confident about (Nelson & Leonesio,
1988).

The proposed feedback loop of the metamemory model by Nelson and
Narens (1990) is presented in the upper panel of Figure 58, which has been
reproduced from Fernandez-Duque et al. (2000). This model assumes that
object-level representations, such as percepts, memories, and decisions, are
used bottom-up to inform and update a mental model of the object-level world
at the meta-level, therefore constituting a monitoring process. These meta-
level representations, in turn, can then be used to exert top-down control over
the object level. For example, if the current response is made very slowly, then
this information regarding response speed is communicated to the meta-level,
where it could subsequently be used to update an estimate of error likelihood
for the current trial. If an error is indeed detected, the meta level can signal
to the object level the need for increased cognitive control, which could, for
instance, result in post-error slowing of the next response.

Fernandez-Duque et al. (2000) have noted that there is conceptual sim-
ilarity in this proposed feedback loop to theories of executive processing: The
lower panel of Figure 58 presents a schematic illustration of the theory on
executive attention by Norman and Shallice (1986). Here, top-down control
allows participants to adapt flexibly their behaviour according to their cur-
rent intentions by allowing the executive system activate or inhibit lower-level
schemas, which would normally respond automatically according to stimulus
input. The state of these schemas is in turn communicated bottom-up to the
executive system to allow for a full feedback control loop.

The hypothesis that error detection can serve as an internal cue for the
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Figure 58: Figure reproduced from Fernandez-Duque et al. (2000): the up-
per panel shows the proposed feedback loops between the object level (e.g.,
percepts, memories, etc.) and the meta level (e.g., confidence, judgements of
learning, etc.) as suggested by Nelson and Narens (1990). The lower panel
shows similar feedback loops for the interaction of the executive system with

lower-level schemas according to the theory on executive attention by Norman
and Shallice (1986).
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need to enhance cognitive control has been previously discussed in this thesis,
both in Chapters 1 and 3. Such effects have, for example, been studied in
the context of post-error slowing: It has often been observed that people tend
to be slower after making an error (Dutilh et al., 2012; Rabbitt & Rodgers,
1977; Rabbitt, 1966), even if they are not aware of such an error (Logan &
Crump, 2010). Different interpretations for this effect have been proposed
(e.g., Jentzsch & Dudschig, 2009; Danielmeier & Ullsperger, 2011). Dutilh et
al. (2013), for example, suggested that following errors, participants adopt a
more cautious response mode.

Moreover, Fernandez-Duque et al. (2000) have discussed another ex-
ample of how metacognitive signals are utilised to improve cognitive control:
Cognitive conflict, or response uncertainty arises from competing response
tendencies. For instance, in the Stroop paradigm (Stroop, 1935), participants
have to name the ink colour of a word, whilst ignoring the colour word it-
self. Conflict therefore arises from a competition between the automatically
triggered response of the colour word and the actual ink colour. It has been
suggested that the medial PFC monitors such conflict signals, passing this in-
formation on to lateral PFC, which is then in turn able to execute cognitive
control (Yeung, 2013; Botvinick, Braver, Barch, Carter & Cohen, 2001). The
role of response uncertainty, or conflict in cognitive control has also been high-
lighted in the recent reviews on metacognition in decision making by Yeung
and Summerfield (2014, 2012). This link was also previously made by Davelaar
(2009), who proposed a computational model in which metacognitive judge-
ments are a function of cognitive conflict.

Taken together, extensive evidence exists in support of the notion that
both cognitive conflict and errors are used as signals to enhance cognitive

control (Fernandez-Duque et al., 2000; Yeung & Summerfield, 2014). In the
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present chapter, I therefore aim to address the question how decision confidence
affects future processing. More precisely, I focus on how confidence modulates
attention seeking with regard to the processing of feedback. The general idea
is that decision confidence serves as an internal proxy to feedback, especially
when external feedback is not available or unreliable. Whenever participants
have low certainty (guessing), I expect them to pay most attention to feedback,
which could presumably give them information on how to avoid mistakes on
future trials. On the other hand, I expect that participants will tend to ignore
the feedback stimulus when they have a strong belief that they have been
correct or incorrect, because they have a low probability of gaining information
from the feedback. This hypothesis is also shown in Figure 59. This pattern
should be the same for correct and error trials. If this hypothesis held true, it
could be interpreted as further support that confidence is used as an internal
feedback signal. I aim to test this using a perceptual decision-making paradigm
in which participants received feedback after each trial. Using the method
introduced in the context of EXPERIMENT 4, I aim to measure single-trial
Pe amplitude as a proxy of decision confidence. I expect to find attention to
feedback to be lowest when Pe amplitude is at the extremes, that is very large

or very small.

4.1 EXPERIMENT 5: Does decision confidence pre-

dict attention to feedback?

The experiment in this chapter focused on how confidence affects the processing
of feedback following participants’ responses. The general role of feedback
has been studied extensively in the context of learning studies. For instance,

Kluger and DeNisi (1996) have highlighted that providing feedback does not
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Figure 59: Hypothesis regarding the relationship between confidence (x-axis)
and the amount of attention that is paid to a visual feedback stimulus (y-axis).

necessarily improve task performance, and can even lead to decreased per-
formance due to shifts in the locus of attention. Similarly, feedback has been
associated with opportunity costs, that is time spent on studying feedback
reduces the available time to study the learning material. Indeed, Hays, Kor-
nell and Bjork (2010) showed that performance in a fixed-study-time paradigm
could be improved if participants were given the option to skip feedback — an
option they used on a large proportion of correct and also some error trials.
The trials on which they chose to skip feedback presentation were arguably
trials on which they were certain regarding their feedback prediction. This
study therefore suggests that confidence might have an effect on how feedback
is processed, with sure errors and sure correct trials leading to a higher prob-
ability of skipping feedback. Presumably, this effect was due to the fact that
confidence represents an internal feedback signal.

The idea that confidence serves as an internal feedback signal also finds

support in research on self-regulated learning (SRL). Self-regulated learning
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describes situations in which the learner is actively engaged in structuring the
learning process, such as students revising course material for an upcoming
exam. To do so efficiently, they need to set subgoals internally, structuring
the material and identifying sub-areas that need extra attention because they
have not yet been mastered. Butler and Winne (1995) have highlighted how for
such learning situations, internal feedback — such as confidence — plays an im-
portant role alongside external feedback. More specifically, they assumed that
participants constantly evaluate their progress, and that this self-generated
feedback helps them to efficiently guide their learning process. The authors
also cite a study by Zellermayer, Salomon, Globerson and Givon (1991), which
introduced Writing Partner, a software tool for assisted essay writing, which
aims to enhance this internal feedback through triggering metacognitive con-
trol processes. For example, the virtual tutor would ask participants questions
about the essay they were planning to write and would later on present the
students’ answers to these questions, presumably helping them at detecting
possible mismatches between their own goals and actions.

Whether confidence modulates attention to feedback has also previ-
ously been studied in educational psychology, often with the conclusion that
feedback has a corrective, rather than a confirmatory function (Timmers &
Veldkamp, 2011; Mory, 2004). Timmers and Veldkamp (2011), for example,
found that more attention is paid to feedback on error trials. Kulhavy and
Stock (1989), on the other hand, found that participants spent more time
studying feedback when there was a mismatch between their perceived ac-
curacy (confidence) and their objective accuracy, as conveyed by feedback.
In other words, this means they spent longer studying feedback when they
had expressed high confidence in an answer but committed an error. However,

these results do not provide conclusive evidence that confidence directly affects
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attention to feedback, because the study confounds information regarding ob-
jective accuracy with the study material itself. In other words, feedback was
provided together with information about the correct answer (i.e., elaborated
feedback), therefore presumably leading to new information integration.

Taken together, while the literature on educational psychology has
provided interesting findings on how feedback is processed and what role in-
ternal feedback (i.e., confidence) might play, the precise relationship between
confidence and attention directed at feedback remains unclear. This is there-
fore the goal of the experiment presented in this chapter. Crucially, feedback
is taken here to be a visual stimulus providing information regarding the ob-
jective accuracy of a previous decision — and therefore not elaborated feedback
that contains additional information. The present experiment will therefore
address this question, predicting that participants will pay more attention to
feedback when they were uncertain in their first-order response — that is when
they were guessing — given that they can gain attention from feedback on those
trials. This relationship is furthermore shown in Figure 59.

One of the key challenges of this experiment was to measure confidence
as well as provide visual feedback to participants: Asking participants to rate
their confidence and then providing them with feedback might be not advis-
able, because asking for metacognitive judgements might change the processing
of feedback per se because participants are trying to match their second-order
judgement against objective feedback. Providing participants first with feed-
back and then asking them to rate their confidence is, of course, not possible,
because it would reveal the true, objective accuracy before giving participants
a chance to estimate accuracy themselves. The present experiment therefore
makes use of EEG markers of confidence found in EXPERIMENT 4. The ra-

tionale of this approach is to measure confidence on a single-trial level, without
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explicitly asking participants for their confidence rating. This confidence proxy
is expected to be predictive of participants’ level of attention to explicit feed-
back.

Attention directed to feedback was measured not through the time
spent studying it — which was held constant given that it was just one word —
but through EEG correlates of attention, anticipation and expectation. Four
ERP components were analysed with this study: the stimulus-preceding neg-
ativity (SPN; Van Boxtel & Bocker, 2004), the N2pc (Luck & Hillyard, 1994a),
the feedback-related negativity (FRN/fERN; Holroyd & Coles, 2002), and the
P3 (Sutton, Braren, Zubin & John, 1965). To foreshadow the results of this
experiment, I found that none of these ERP components varied with confi-
dence in the ways predicted here. In the discussion section (Section 4.2), I

suggest reasons why this might have been the case.

4.1.1 SPN

The SPN is a slow preparatory EEG component thought to reflect expectation
of a task-relevant stimulus, such as visual feedback, therefore being different
from the effects of general motor preparation (Brunia, 1988; Damen & Brunia,
1987; for a historical review see Van Boxtel & Bocker, 2004). It is usually
observed in experiments in which participants anticipate the presentation of a
visual feedback stimulus. The SPN is, as its name says, a negative deflection,
which arises over frontal electrodes, often showing right hemisphere dominance
(Brunia, Hackley, Van Boxtel, Kotani & Ohgami, 2011, for a review). This slow
cortical potential starts to develop up to several seconds prior to the anticipated
event and continues to build up until the presentation of this feedback stimulus,
often referred to as knowledge of results (KR) stimulus.

It has been argued, however, that the SPN does not merely reflect anti-
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cipatory attention (Brunia et al., 2011), but also information load. This means
a larger (i.e., more negative) SPN occurs under circumstances in which the an-
ticipated feedback or stimulus provides the participant with more information,
thereby reducing uncertainty (Fuentemilla et al., 2013; Foti & Hajcak, 2012;
Brunia, 1988; Kotani et al., 2003; Ruchkin, Sutton, Mahaffey & Glaser, 1986;
Chwilla & Brunia, 1991; see also Brunia et al., 2011, for a review). A recent
study by Moris, Luque and Rodriguez-Fornells (2013) provided evidence in
favour of this hypothesis. The authors used a paradigm in which participants
had to learn which food items would cause an allergy to an imaginary patient.
They received informative feedback following each trial. The SPN elicited by
this feedback was strongest (i.e., most negative) at the beginning of the ex-
periment and this effect then became weaker over time. Moris et al. (2013)
interpreted these findings as support for the learning hypothesis, according to
which early on, participants could extract the most information from the feed-
back. After having learned the relationship between food items and allergic
reactions, however, the information load of the feedback decreased and thus
also the SPN, reflecting the information load.

For the present experiment, this means that the amplitude of the SPN
should be largest in situations in which feedback reduces uncertainty to the
largest extent, such as when the participant does not know whether or not he
made a mistake. This would therefore affect the levels of medium confidence.
On trials in which the participant is certain, however — either certain the
just-made decision was correct, or certain that it was an error — the SPN
amplitude should be smaller, that means more positive given that this is a
negative component. I would therefore expect an inverted U-shaped function

for the SPN amplitude over different levels of confidence.
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4.1.2 N2pc

The second attention-related EEG component of interest was the N2pc. In
contrast to the SPN, however, this is a stimulus-locked component. The N2pc
is thought to reflect spatial attention (Eimer, 1996; Luck & Hillyard, 1994a).
For instance, the N2pc has been studied in visual search tasks, in which parti-
cipants had to find a target amongst several distractors (e.g.; Luck & Hillyard,
1994a). Allocation of attention to the left or right side of the search array
was reflected in the amplitude of the N2pc. This ERP component has been
identified as a negative deflection at around 200 ms after the onset of a visual
stimulus. The “p” in this component’s name furthermore expresses that the
topography of this component is posterior and the “c” stands for contralateral,
expressing that the component is lateralised with stronger (i.e., more negat-
ive) activity in the brain hemisphere opposite to the side in which the attended
stimulus is located (Luck & Hillyard, 1994b). In this experiment, feedback was
lateralised. I expected greatest attention to feedback, evident as an enhanced

contralateral N2pc, on trials in which participants were uncertain.

4.1.3 FRN

The next analysis focused on the FRN, a fronto-central negativity occurring
approximately 200 to 350 ms after a feedback stimulus was presented. Its
amplitude is often found to be larger for negative as compared to positive
feedback stimuli. It has therefore been argued that the FRN and ERN are
generated by the same system (Holroyd & Coles, 2002; Miltner, Braun &
Coles, 1997; see also Walsh & Anderson, 2012, for a review). Indeed, the ACC
has often been identified as their common generator (Holroyd & Coles, 2002),

especially its dorsal part (Hauser et al., 2014; Holroyd et al., 2004).

211



Chapter 4

The FRN is usually understood to reflect reward prediction errors
(RPE) processing in the brain, for example in the framework proposed by
Holroyd and Coles (2002). This framework links error monitoring to the mid-
brain dopamine system, assuming that the ACC acts as a control filter and
that it elicits the ERN (and also its feedback-related equivalent, the FRN)
whenever the outcome of an action was worse than expected (negative RPE).
More specifically, they assume that the basal ganglia act as an adaptive critic,
calculating the value of the outcomes of an action. If these outcomes are worse
than expected, there is a phasic decrease in dopamine, which disinhibits the
ACC, leading to a more negative ERN or FRN, whereas phasic increases in
dopamine lead to a more positive ERN/FRN. They furthermore argued that
this signal is used internally to train a motor planning system to produce more
adequate actions in the future, using a temporal difference learning framework.
This hypothesis was supported by the findings of Cohen and Ranganath (2007),
which suggest that the size of the FRN effects predicts behavioural adaptations
in future trials.

The RL-ERN model by Holroyd and Coles (2002) suggests that the
ERN or FRN reflect a signed RPE (Holroyd & Coles, 2002; Walsh & Ander-
son, 2012; Nieuwenhuis, Holroyd, Mol & Coles, 2004; Walsh & Anderson, 2011;
Pfabigan, Alexopoulos, Bauer & Sailer, 2011). According to this hypothesis,
we should expect to find the largest FRN amplitude (i.e., most negative amp-
litude) for trials in which participants had high confidence but received error
feedback. Conversely, the amplitude of the FRN should be smallest whenever
the outcome of a trial was much better than expected, that is very low confi-
dence but feedback that the participant had been objectively correct.

However, as opposed to the hypothesis that the FRN reflects a signed

RPE, results from recent studies have suggested that it instead reflects an
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absolute or unsigned prediction error, such as unexpectedness or a surprise
signal (Cavanagh & Frank, 2014; Alexander & Brown, 2011; Talmi, Atkinson
& El-Deredy, 2013; Oliveira, McDonald & Goodman, 2007; Hauser et al., 2014;
Sallet, Camille & Procyk, 2013; Cavanagh, Figueroa, Cohen & Frank, 2012).
According to the idea that the FRN reflects an unsigned prediction error, the
amplitude of the FRN should be largest for the case in which correct feedback
was expected with high certainty but instead negative feedback was given and
the case in which error feedback was expected with high certainty but instead
positive feedback was given. The FRN is expected to be similar for these two
cases of maximum surprise. In turn, the smallest FRN should be found for
conditions in which feedback follows the highly certain expectation. In this

study, I tested whether the FRN follows such a surprise signal.

4.1.4 P3

The P3 is a positive deflection in the EEG at around 300 ms after the onset of a
task-relevant stimulus. This component, which typically has a centro-parietal
scalp topography, has been localised in the delta and theta band (Selimbeyoglu
et al., 2012; Bagar-Eroglu, Bagar, Demiralp & Schiirmann, 1992). Studies have
furthermore identified two separate subcomponents (Polich, 2007). According
to this view, the P3a reflects early attentional processing, while the P3b reflects
memory updating. The P3 has been identified as an EEG component that
reflects reward processing. The P3 was first reported by Sutton et al. (1965)
as a reflection of stimulus probability or surprise (see also Johnson, 1986) —
the less probable the stimulus that elicited the P3, the larger its amplitude.
For the present study, we could therefore expect to find that the P3
reflects such stimulus probability, that is the P3 should be largest for error trials

in bin 1 (where participants expected positive feedback and instead received
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negative feedback), as well as for correct trials in bin 4 (where participants
expected negative feedback and instead received positive feedback), similar to
the hypothesis for the FRN.

Alternative explanations exist as to what P3 amplitude reflects. Sallet
et al. (2013), for instance, recently reported data from a trial-and-error learning
paradigm in which the P3 was modulated by a positive RPE only. In the
present experiment the rules never changed and learning can therefore not be
expected. The data from the present experiment were therefore not expected
to follow this hypothesis. Moreover, in the present experiment, feedback was
not bound to rewards or losses and the magnitude of such was therefore also not
varied. It can therefore not be expected that the P3 varies with the absolute
magnitude of these rewards or losses (Yeung & Sanfey, 2004; Sato et al., 2005;

Sutton, Tueting, Hammer & Hakerem, 1978).

4.1.5 Methods

4.1.5.1 Participants

I tested 17 participants in total, 6 of whom were female. All participants were
right-handed and reported normal or corrected-to-normal vision. Their ages
ranged from 18 to 25 years (M = 19.6). Nine participants were paid £10 per
hour for their participation. The other participants received course credit. All

testing was approved by the local ethics committee.

4.1.5.2 Task and procedure

In this experiment, participants completed a number of blocks of a dot-count
perceptual decision-making task with visual feedback presented after every

trial, but not confidence judgements. The data from this part of the exper-
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iment were used to measure attention to feedback. A second part of the ex-
periment then followed in which participants no longer received feedback but
instead were asked to rate their confidence after every trial. The aim of this
second part was to test whether this study would replicate the findings that
confidence varied with Pe amplitude on a single-trial level, similar to the find-
ings from EXPERIMENT 4. The task was largely similar to the dot-count task
reported in previous experiments, differing only in the fact that a staircase
procedure was used to assure that for every participant, so that there would
be a sufficient number of both detected and undetected errors. More precisely,
during the first four blocks, which were 64 trials long each, participants were
asked to respond as accurately as possible and difficulty was adjusted so that
participants committed about 15% errors — a substantial proportion of them
undetected. In blocks 7 to 12, which were each 32 trials long, participants
were asked to respond as quickly as possible, so that error rates were doubled
to about 30%, now including both slow data-limitation errors, as well as fast-
guess errors (Scheffers & Coles, 2000). This staircase is described in detail in
Appendix A.1.

To allow for more fine-grained variations in task difficulty, the dots of
this dot-count task were now much smaller: Instead of 7-pixels wide circles, as
in EXPERIMENT 4, the dots were now 2-pixel wide squares that were arranged
in two 64 times 64 large fields. This resulted in 4096 possible locations for
the dots. If, for example, difficulty was set to 100 dots, that means there
was a difference of a 100 dots between the two fields: One field contained
2048 + 50 = 2098 dots, the other one 2048 — 50 = 1998 dots. All other details
regarding the task remained the same and will therefore not be described
here again. In the following two sections, I describe both main parts of the

experiment: the feedback part and the confidence part.
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Feedback part. The feedback part began immediately after the staircase
had determined a suitable level of difficulty that resulted in both detected and
undetected errors. Participants first performed 32 practice trials without a
performance judgement but instead with visual feedback after each trial: The
letters “COR” for correct, and “ERR” for error were displayed left or right of
the fixation cross. The side on which they were displayed was independent
of the key pressed or the stimulus and participants were explicitly informed
of this independence. Instead, the side was manipulated so that lateralised
measures of attention, particularly the N2pc, could be investigated with this
paradigm. On the other side, the letters “XXX” were presented in each case.
Blocks 14 to 23 were experimental blocks. They differed from the practice
block only in being 64 trials long.

A typical stimulus sequence of this part is presented in Figure 60A.
There was an 800 ms interval between the participant’s response and the onset
of the visual feedback. Feedback was then presented for 1 second. Then
followed a 200 ms break (with just the fixation cross shown on screen) before

the next trial began.

Confidence part. The goal of the last part of the experiment, which fol-
lowed immediately after the feedback part, was to measure decision confidence
and ERPs related to confidence. These ERPs were then used to train the clas-
sifier with which confidence could then be ‘read out’ on the remaining trials of
the experiment. Visual feedback was no longer given in this part. Participants
first completed 32 practice trials, to familiarise themselves with the 6-point
confidence scale (as used in previous studies). After this block, the frequen-
cies of the different confidence categories were presented on screen so that the

experimenter could discuss these with them and encourage them to use the
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Figure 60: Methods of the dot task. Participants first had to state which of
two fields contained more dots by pressing the left or right key. After their
response, A) feedback or B) the confidence scales was presented on screen. In
the latter case, participants were given unlimited time to choose how confident
they were that their last response was correct. RSI: response-stimulus interval;

ITI: inter-trial interval; ms: millisecond.
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whole scale, if necessary. Blocks 25 and 26, each 64 trials long, then continued
with these confidence ratings. As previously reported, the confidence scale — as
well as the error detection scale used in blocks 7 to 12 — was counterbalanced
over participants.

Figure 60B shows a typical trial sequence for this part — as in previous
experiments, there was a 600 ms RSI between the participant’s dot decision
and the onset of the confidence scale. Participants were given unlimited time
for the confidence decision, but were asked to respond according to their first
impression. After the confidence judgement, there was a 1 second I'TT before

the next trial began.

4.1.5.3 EEG recording

As in EXPERIMENT 4, EEG data were recorded from 32 scalp locations. The
methods for EEG recording were as described in Section 3.1.1.3. For one of
the participants, electrode POZ had to interpolated using data from electrodes
PZ and OZ. For another participant, electrode F4 had to be interpolated using
data from electrodes FP2, F8, FC4, and FZ.

Response-locked EEG data was baselined to -100 to 0 ms pre-response.
In the context of EXPERIMENT 4, I have presented data in support of the
hypothesis that Pe amplitude of the Pe varies with decision confidence. I pre-
dict that the same relationship will hold here, but if this was the case then
baselining feedback-locked data to -100 to 0 ms pre-feedback could lead to
artificial condition differences for the feedback-locked data. Instead, I there-
fore baselined all feedback-locked EEG epochs -100 to 0 ms pre-stimulus, as
illustrated in Figure 61.

In the following four sections, I aim to find suitable electrode locations

and time windows for the analyses of three of the ERP components: SPN,
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Figure 61: Schematic example of a typical trial, highlighted in blue. The pre-
stimulus baseline for each respective trial is shown in red. The event-related
potentials that were of key interest in the present experiment are presented
on top of time line. ERN: error-related negativity; Pe: error positivity; FRN:
feedback-related negativity; S: stimulus; R: reaction; RT: response time; RSI:
response-stimulus interval; I'TI: inter-trial interval; ms: millisecond.

N2pc, and P3. Subsequent analyses then focused on these electrodes and time
windows, as an attempt to reduce complexity of the analyses. Details on how

the FRN was calculated are also given.

SPN. Given the slow development of the SPN and its wide distribution over
the scalp, my analysis focused on four different time windows: -800 to -600
ms, -600 to -400 ms, -400 to -200 ms, and -200 to 0 ms, with 0 ms referring
to the onset of the feedback stimulus. I analysed electrodes F3, FZ, F4, FC3,
FCZ, FC4, C3, CZ, C4, CP3, CPZ, CP4, P3, PZ, and P4, divided into three
lateral scalp locations (left, right, middle) and five anteroposterior scalp loc-
ations (frontal, fronto-central, central, posterio-central, and posterior). The
last factor was of course classifier quartile or bin.

All four factors were then submitted to a repeated-measures ANOVA:
lateral and anteroposterior scalp locations, time window, and classifier bin.
This analysis revealed a reliable main effect of anteroposterior scalp location,
F(1.7, 26.4) = 16.8, p < 0.001, 7712, = 0.51, caused by the fact that the
SPN was found to be largest at frontal electrodes, Mr = 0.3 uV. There was

also a reliable effect of lateral location, F'(2, 32) = 13.6, p < 0.001, 772 =
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0.46, caused by the fact that the SPN was weakest on midline electrodes,
M piqaie = 3.1 uV. Moreover, lateral and anteroposterior scalp location showed
a significant interaction, F(8, 128) = 2.7, p < 0.01, 77]27 = 0.14: The SPN was
strongest (i.e., most negative) at electrode F'3 = —0.1 pV. The main effect
of window was also reliable, F'(1.7, 26.9) = 31.8, p < 0.001, 772 = 0.67, given
that the SPN was strongest in the third time window ranging from -400 to
-200 ms, M3 = 0.3 puV. Taken together, these results indicate that the SPN
was strongest at electrode F3 in the last two time windows. All following
analyses will focus on only this electrode in these two time windows. For the
sake of completeness, the results for the full four-way ANOVA model are given

in Appendix A.2.

N2pc. Pairs of electrodes, one on each side of the scalp, were selected for
the analysis of the N2pc, that is P7 and P8, P3 and P4, and O1 and O2. The
crucial factor is the side on which the feedback was presented, but as a control
factor, the side on which participants had previously pressed the response key
was also included into this analysis. The N2pc was furthermore defined as the
average voltage in a 60 ms wide time window. Four different time windows
were analysed, ranging from 180 to 240 ms, 210 to 270 ms, 240 to 300 ms, and
from 270 to 330 ms. The last factor for this analysis was the classifier bin,
which is the key factor of interest here.

The purpose of this analysis was to reduce complexity and find the
electrode pair and time window at which the N2pc was strongest and to also
assess whether response side influenced the N2pc, which it should not. The
data were submitted to a five-way repeated-measures ANOVA with the above-
described factors as independent variables and mean voltage as dependent

variable. There was a reliable main effect of the electrode pair, F/(2, 32) =
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17.5, p < 0.001, 7712, = 0.52, as well as a marginally reliable interaction between
electrode pair and stimulus side, F(2, 32) = 2.7, p = 0.08, 772 = 0.14. Post-
hoc analyses suggested that the most robust and strongest N2pc effect can be
measured at the electrode pair P7/P8. There was furthermore a reliable main
effect of time window, F(1.8, 29.5) = 4.2, p = 0.03, 77 = 0.21, as well as a
reliable interaction between time window and stimulus side, F/(1.6, 25.7) =
11.5, p = 0.001, 7712, = 0.42. Post-hoc tests furthermore revealed that the effect
of stimulus side was strongest during the second time window, M, = nzf = 0.38.
A final step to reduce the complexity of the ANOVA model was to test whether
response side had a reliable effect. It was hypothesised that the influence of
whether the response hand used was ipsi- or contralateral to the N2pc measured
would have no significant effect. This was indeed the case, F' < 1. This factor
showed no interaction with classifier bin, F' < 1. Further analyses will therefore
exclude this factor and furthermore focus on the stimulus pair P7/P8 during
the second time window ranging from 210 to 270 ms post feedback onset.
For the sake of completeness, all effects from the six-way ANOVA model are

presented in Appendix A .4.

FRN. The FRN was defined as a base-to-peak difference in voltage, as done
for example by Yeung and Sanfey (2004). More specifically, the FRN was
defined as the difference between the first major positivity (50-300 ms post-
stimulus) and the subsequent negative peak that occurred before the large
amplitude P3 component: For each participant, time windows were shifted
until the early and late P3 peaks were identified. The FRN was then quantified
as the most negative point in-between these P3 peaks. To calculate the base-
to-peak measure, an average of the P3 peak amplitudes was taken. The FRN

effect was then quantified as the difference between this average P3 and the
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measured FRN peak.

P3. P3 amplitude was quantified as the average voltage in a 100 ms wide
time window. Four different time windows were used in this analysis. The
first time window ranged from 100 to 200 ms, the second from 140 to 240 ms,
the third from 180 to 280 ms, and the fourth from 220 to 320 ms. The data
were submitted to a three-way ANOVA with electrode, bin, and accuracy and
independent variables. Five midline electrodes were considered in this analysis:
F7Z, ¥CZ, CZ, CPZ, and PZ. The electrode at which the P3 was measured had a
reliable effect on the size of the P3, F'(1.8, 29.3) = 15.1, p < 0.001, 7712, = 0.48:
P3 amplitude was largest at electrode CZ, Msz = 6.6 uV. There was also a
reliable main effect of time window, F'(1.5, 24.0) = 27.9, p < 0.001, nz = 0.64,
with the largest P3 amplitude recorded in the third time window. The factors
electrode and time window interacted significantly, F'(1.7, 27.5) = 6.0, p <
0.01, 772 = 0.27. The P3 was strongest at electrode CZ during the third time
window (180 to 280 ms), M = 7.9 pV. All further analyses will focus on this
electrode and time window. For the sake of completeness, however, the full

four-way ANOVA model is reported in Appendix A.6.

4.1.5.4 Data analysis

I fitted a classifier to the data, trained to differentiate between objectively cor-
rect and incorrect responses. The training set for the classifier was composed
of half of the error trials from the feedback part of the experiment and a subset
of correct responses that was matched in size to the errors. This classifier could
then be applied to data from the feedback part of the experiment to read out
confidence from trials on which no such confidence judgements were required.

Further details regarding this classifier can be found in Section 3.1.1.4.
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4.1.6 Results

4.1.6.1 Behavioural data

The staircase procedure was successful at adjusting difficulty so that there
would be both a substantial proportion of detected and undetected errors, as
outlined in detail in Appendix A.1. By the end of the experiment, there were
20.4% detected errors and 9.4% undetected errors.

RTs were slightly faster in the feedback part of the experiment com-
pared to the confidence part, Mfeedpack = 347 ms versus Mcon fidence = 390 ms.
This effect was significant, F'(1, 16) = 7.4, p = 0.02, 7712, = 0.32. Moreover,
RTs were faster for error than correct trials, M., = 382 ms versus M,,, =
355 ms. This difference was also statistically significant, F'(1, 16) = 21.1, p <
0.001, 'r]f, = 0.57. There was no interaction between the two factors, F' < 1.
Error rates were 29.2% in the feedback part and 29.3% in the confidence part.
This difference was not reliable, ¢ < 1.

Moreover, individual Spearman’s rank correlations were calculated to
test whether there was a relationship between participants’ objective and sub-
jective accuracy. The average error rates for each confidence level are displayed
in the left panel of Figure 62. For 15 out of 17 participants this relationship
was negative and reliable, rs <= —0.83, ps <= 0.04, that means high confi-
dence was associated with low error rates. For the remaining two participants
this relationship was also negative but the correlation was only marginally
significant, rs <= —0.76, ps <= 0.08. The right-hand panel of Figure 62
presents proportions of confidence judgements for correct and incorrect trials.
Once more, some overlap can be seen, with probably wrong as the mode for
error responses and probably correct as the mode for correct responses. Taken

together, these findings suggests that participants had good resolution in their
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metacognitive judgements in this slightly adapted version of the dot task.
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Figure 62: Left panel: Error rates as a function of subjective confidence rat-
ings. Right panel: Distributions of confidence responses as a function of dif-
ficulty and objective accuracy. Error bars represent within-subject confidence
intervals for the confidence factor within each difficulty condition.

Participants judged error trials with an average confidence of M,,, =
2.76 and correct trials with an average confidence of M., = 4.76. This dif-
ference was reliable, ¢(16) = 17.8, p < 0.001. The average metacognitive
sensitivity was meta-d’ = 3.39, while the average first-order sensitivity was
d" = 1.31. Combined, this resulted in an average metacognitive efficiency of
log(M-ratio) = 0.45. These metacognitive efficiency parameters were signific-
antly different from 0, ¢(16) = 5.3, p < 0.001. This means participants used
more evidence in their metacognitive judgement compared to the dot-decision.

Taken together, the behavioural results reported here suggest that this
slightly modified version of the dot-count task led to similar first- and second-
order effects: a substantial number of errors of which about one third was

undetected, however overall good metacognitive insight.
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4.1.6.2 EEG results

Error-related ERPs. The purpose of the confidence part of this experiment
was to train a classifier to distinguish between correct and error trials, and to
then test whether this classifier could be used to estimate confidence on a
single-trial level — as shown in EXPERIMENT 4. The confidence part therefore
contained such metacognitive judgements to assess whether such single-trial
measures of Pe amplitude vary with confidence. The rationale was to then
apply this discriminating component to data from the feedback part to ‘read
out’ confidence on a single-trial level and measure how confidence modulates
attention to feedback. However, before fitting this classifier, I first had to
test whether both the ERN and the Pe vary with not only with objective
accuracy, but also decision confidence when averaged over trials, as found for
EXPERIMENT 4.

First, Figure 63 shows the ERN and Pe at electrode CZ as a function
of objective accuracy. This analysis included trials from both the feedback
and the confidence part of the experiment. Averaged data from the ERN time
window (-40 to 60 ms), measured at the five midline electrodes (FZ, FCZ,
CZ, CPZ, and PZ) were then submitted to a repeated-measures ANOVA with
location and accuracy as independent variables. Replicating the findings from
EXPERIMENT 4, there was a reliable main effect of accuracy, F(1, 16) =
43.1, p < 0.001, 7712, = 0.73, with a stronger (i.e., more negative) ERN for
error, M., = 1.0 uV as compared to correct trials, M., = 2.1 V. There
was also a reliable effect of anteroposterior scalp location, F(1.3, 20.3) =
18.7, p < 0.001, 775 = 0.54. The two factors showed a reliable interaction,
F(1.7, 27.5) = 8.4, p < 0.01, 77; = 0.34, reflecting that the strongest difference

between correct and error trials was found at electrode FCZ, Mgy = 1.1 uV,
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Mpez =15 uV, Moz =14 4V, Mecpz = 1.1 uV, Mpy = 0.8 uV.

The same analysis was repeated for the Pe time window (250 to 350
ms following the response), again for both parts of the experiment. There was
a reliable effect of accuracy, echoing findings from EXPERIMENT 4, F'(1, 16) =
26.7, p < 0.001, 772 = 0.63. The Pe being a positive component, this meant
that the amplitude was larger for error, M., = 3.1 pV, compared to cor-
rect trials, M., = 0.7 pV. There was also a reliable main effect of scalp
location, F(1.7, 27.6) = 28.6, p < 0.001, nﬁ = 0.64. Crucially, the dif-
ference between correct and error trials was strongest at posterior electrode
PZ, Mpy; = —3.7 uV, compared to the other electrodes, Mgy = —0.4 uV,
Mpcy = —1.7T uV, Mcy = =28 uV, Mepy = —3.4 V. This interaction
effect was reliable, F'(1.3, 20.7) = 18.2, p < 0.001, 7, = 0.53.

correct (N = 505.9; 352 to 604)
B error (N =207.8; 158 to 247)

8 -

-200 0 200 400 600 Time (ms)

Figure 63: Error-related negativity (ERN) and error positivity (Pe) at elec-
trode CZ, conditioned on objective accuracy; response-locked event-related
potential (ERP). The two windows highlight the ERN (-40 to 60 ms) and the
Pe (250 to 350 ms). The legend displays the average number of trials across
participants, together with the minimum and maximum number of trials; ms:
millisecond; pV': micro-volt.
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Figure 64: Topographies for the difference between errors and correct trials
for both the ERN (top panel) and the Pe (bottom panel). The colours in the
topographic plots indicate different values in micro-volt; ms: millisecond.
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Figure 65 presents the averaged ERP data collapsed across all trials
from the confidence block, across participants and across both correct and
error trials. The ERN (-40 to 60 ms; upper panel of Figure 65) was found
to be strongest (i.e., most negative) at the most frontal electrode FZ, Mg, =
—0.2 pV, compared to all other electrodes, Mpcy = 1.1 pV, Mey = 2.3 uV,
Mepy = 2.7 uV, Mpy = 2.4 pV. This main effect of anteroposterior scalp
location was found to be reliable, F'(1.3, 21.0) = 17.2, p < 0.001, 7712, = 0.52.
The main effect of confidence was not reliable, though, F'(2.7, 43.3) = 1.7, p =
0.19, 7712, = 0.10. There was, however, a reliable linear trend, F(1, 16) =
6.1, p =0.03, 772 = (.28, reflecting a monotonic increase of the ERN amplitude
from the lowest to the highest confidence level, M; = 0.9 V', My = 1.2 uV,
Ms;=14uV, My =18 uV, M5 = 2.1 uV, Mg = 2.4 uV. The two factors did
not interact reliably, (3.5, 56.2) = 1.0, p = 0.42, 775 = 0.06.

The Pe (250 to 350 ms; lower panel of Figure 65) was again modulated
by decision confidence, F'(3.2, 50.5) = 4.1, p = 0.01, 772 = 0.20, also with a
significant linear trend, F'(1, 16) = 10.7, p < 0.01, 7712, = 0.40. There was also
a reliable effect of scalp location, F'(1.7, 27.7) = 15.6, p < 0.001, ni = 0.49.
The two factors interacted reliably, F'(3.1, 49.7) = 2.8, p < 0.05, 772 = 0.15.
If all five electrodes were analysed separately, the effect of confidence was
numerically largest at the most posterior electrode PZ, 7}2( P7) = 0.29, compared
to all other electrodes, ni(FZ) = 0.08, ng(FCZ) =0.12, 77;2;(02) = 0.20, ni(cpz) =
0.27. It is furthermore worth noting that these effects were found despite the
low trial numbers that contributed to each of these cells, as shown in the legend
of Figure 65. For example, there were on average only seven trials contributing
to the certainly wrong category. The upper panel of Figure 66 shows the
topography for the ERN as a difference between the two outermost categories

(certainly wrong and certainly correct). Such a central scalp topography is
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typical for the ERN. The lower panel of the same Figure shows the topography
of the Pe, which is more posterior, matching what is usually found for the Pe.

Taken together, these effects suggest that — as shown in the previous
chapter — both the ERN and the Pe vary with objective accuracy and de-
cision confidence. This finding is crucial as the main analyses were based on a

classifier trained on the effect of accuracy and confidence on Pe amplitude.

Single-trial EEG data. The key question of this study was whether confi-
dence modulated how much attention participants paid to feedback. I therefore
had to estimate participants’ confidence on a trial-by-trial level. In EXPERI-
MENT 4, I presented a method that allows precisely such a ‘read out’ by estim-
ating Pe amplitude on a trial-by-trial basis. The next analysis will therefore
apply the same linear integration method to the data to derive a discriminat-
ing component, which maximally distinguishes waveforms on correct and error
trials.

I first repeated the analysis from the previous experiment to assess
whether this method can be used to read out confidence from trials on which
no such confidence judgements were required. The training set for the classifier
was composed of all error trials from the feedback part of the experiment and
a subset of correct responses that was matched in size to the errors. The trials
were also matched with regard to the response hand to avoid the classifier
being trained to motor activity. On average, the test sets contained 345 trials,
ranging from 276 to 412 trials. Different time windows were again tested and
compared with the result that the window from 250 to 350 ms post-response
yielded the best results, that is the highest AUC of 0.75 if applied back to the
test set (Figure 67). This finding matched those of EXPERIMENT 4.

Moreover, a k-fold cross-classification method was applied to test how
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Figure 65: Top panel: Error-related negativity (ERN) at electrode FCZ; bot-
tom panel: error positivity (Pe) at electrode PZ. Both response-locked event-
related potential (ERP) were conditioned on subjectively-rated confidence.
Plots show data combined for objectively correct and incorrect trials. The two
windows highlight the ERN (-40 to 60 ms) and the Pe (250 to 350 ms). The
legend displays the average number of trials across participants, together with
the minimum and maximum number of trials; ms: millisecond; pV': micro-volt.
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Figure 66: Topographies for the difference between certainly wrong and cer-
tainly correct condition for both the ERN (top panel) and the Pe (bottom
panel). The colours in the topographic plots indicate different values in micro-
volt; ms: millisecond.
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Figure 67: Classification performance (area under curve; AUC) when applied
back to the training set for a range different time windows form which the
training data was taken. The x-axis specifies the starting point from which
onwards a window of 100 milliseconds (ms) width was extracted.

consistent this classifier was. All data from the feedback part of the experiment
were divided into four different folds. The classifier was then trained on data
from folds 1 to 3 and tested on fold 4, and so forth. The average AUC was 0.64
(min = 0.55; max = 0.73). This is comparatively low, already hinting at the
fact that this classifier might lack the power necessary to detect the predicted
data patterns.

Figure 68 furthermore presents classification performance over time
using the same shifting-window approach described above (Figure 67), but
for average 4-fold AUC. For this analysis, a slightly later time window was
identified ranging from 270 to 370 ms. As for EXPERIMENT 4, this time
course has an almost identical overall morphology if compared to Figure 67.
However, I again chose to use the time window ranging from 250 to 350 ms as

it is based on a less noisy estimate.
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Figure 68: Mean classification performance (area under curve; AUC) using a
4-fold algorithm for a range different time windows form which the training
data was taken. The x-axis specifies the starting point from which onwards a
window of 100 milliseconds (ms) width was extracted.

Figure 69 shows the time course for the discriminating component. As
in EXPERIMENT 4, the extracted component corresponds closely to the Pe
shown in Figure 63. Indeed, the component differentiated between correct and
error trials in the highlighted time window, which was also used for training
the classifier ranging from 250 to 350 ms, ¢(16) = 14.6, p < 0.001. This also
holds for other time windows, for example a window ranging from 350 to 450
ms, t(16) = 13.0, p < 0.001.

The spatial filter that resulted from this analysis is shown in Figure
70. Once more, the sensor projection corresponded closely to the topography
of the Pe (Figures 64 and 66). The classifier can then be applied to all of the
correct trials from the confidence part of the experiment. For each participant,
there were on average 86 trials (min = 57; max = 107). The question is again

whether this classifier, trained to predict objective accuracy, could also be
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Figure 69: Time course of the discriminating component (y) for the Pe time
window, identified by the logistic regression classification analysis of errors
versus correct responses, coded in arbitrary units. The window highlight the
training window for the classifier (250 to 350 ms) and a second window, as-
sumed to capture later parts of the Pe (350 to 450 ms); ms: millisecond.

used to predict correct-trial confidence. This analysis yields an estimate of
Pe amplitude for each time point on each trial. I again averaged these values
across a moving time window of 51 ms and then plot it up into quantiles for
each time point. I used quartiles instead of quintiles for the present experiment
given that there were far fewer trials in each bin for this analysis as opposed
to EXPERIMENT 4. Quartile 1 is the smallest Pe amplitude and quartile 4 the
largest. Average confidence within each quartile can then be calculated, as
shown in Figure 71.

Importantly, the finding that confidence varied inversely and monoton-
ically with estimated Pe amplitude on correct trials was replicated here. This
effect was not reliable for the classification time window ranging from 250 to
350 ms post-response, F'(3, 48) = 2.0, p = 0.13, 772 = 0.11; although the linear

trend was reliable, F'(1, 16) = 4.6, p < 0.05, 77]% = 0.22. The effect of quantile

234



Chapter 4

0.17

’) 0.08
0

’ -0.08

-0.17

Figure 70: Sensor projection of the discriminating component identified by
the logistic regression classification analysis of errors versus correct responses,
trained on the Pe time window, coded in arbitrary units.
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Figure 71: Response-locked, moving average confidence (window width: 51
ms) for quartiles of discriminating component; correct trials only; classifier
trained on objective accuracy; ms: millisecond. The window highlight the
training window for the classifier (250 to 350 ms). The right panel present
averaged confidence over the time window and quartiles.
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was present if the time window was shifted forwards by 50 ms, for this time
window now both the main effect, F(2.2, 34.9) = 4.3, p = 0.02, 77]2) = 0.21,
and the linear trend were reliable, F'(1, 16) = 6.5, p = 0.02, ng = 0.29.
Moreover, the gradations of confidence were once more observed around a
high average value of almost 5 (probably correct), similar to findings from the
previous experiment. Taken together, the analyses reported here suggest that
Pe amplitude indeed varied with correct-trial confidence — similar to what had
previously been suggested in the context of EXPERIMENT 4 — even though the
relationship seemed less stable than for the previous experiment. Here, how-
ever, | attempt to use this classifier to ‘read out’ confidence from the feedback
part; that is, I take classifier bin as an index of confidence on feedback blocks.

The next four sections will focus on each of the four feedback-related
components, analysing whether confidence had an effect on how participants
processed feedback. The first two components, the SPN and the N2pc, are
interpreted as reflections of attention allocated to feedback, while the other

two components, the FRN and the P3, are taken to reflect surprise.

Expectation effects (SPN). The first analysis focuses on the SPN, which
was expected to vary with certainty, but not confidence. More precisely, I
expected to find the SPN to be largest (i.e., most negative) for bins 2 and 3
of the data classified according to the decoded confidence level. The upper
left panel of Figure 72 shows the SPN at F3 as a function of classifier bin,
which was the electrode at which this potential was found to be strongest (see
Section 4.1.5.3). Highlighted in this figure are the two time windows during
which this ERP was found to be most pronounced, ranging from -400 to -200
ms, and -200 to 0 ms. Average voltage for each of these time windows and bins

is presented in the upper right panel of Figure 72. The topographies for both
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time windows and different contrasts are presented in Figure 73.

These data were then submitted to a repeated-measures ANOVA with
two independent variables: classifier bin and time window. There were no main
effects, F's < 1 and also no reliable interaction, F' < 1. The key hypothesis
regarding the SPN was that participants would direct their attention towards
the feedback more in the second and third quartile. This corresponds to a
quadratic trend. However, visual inspection of the bar plots in the upper
right panel of Figure 72 instead suggests that the effect was the opposite —
the SPN amplitude was stronger (i.e., more negative) for the high certainty
quartiles, as if participants were paying attention to the feedback to confirm
their expectations. This effect was not reliable though, F/(1, 16) = 1.7, p =
0.21, 775 = 0.10. The linear trend was also not reliable, F' < 1. Taken together,
these results indicate that — in contrast to the hypothesis — the amplitude of
the SPN did not vary as a function of certainty. Nor did SPN amplitude vary
as a function of overall response accuracy, F's < 1, as revealed in an ANOVA
with factors accuracy and time-window (see also Appendix A.3 and the lower

panels of Figure 73).

Attention effects (N2pc). The next set of analyses focused on the N2pc,
an EEG component thought to reflect spatial attention. The upper panels
of Figure 74 show difference waves as a function of these factors at electrode
pair P7/P8, which was identified as the electrode at which the strongest N2pc
effect was measured (see Section 4.1.5.3). Highlighted in this figure is the time
window from 210 to 270 ms that was identified as the time during which the
N2pc effect was strongest. Moreover, Figure 75 shows the topographies for this
time window. The right-hand panel of this figure (contrast error versus correct

trials) presumably shows eye-movement artefacts. Even though participants
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Figure 72: Feedback-locked stimulus-preceding negativity (SPN) at electrode
F3, conditioned on single-trial Pe amplitude, reaching from smallest (1) to
largest (4) quantile. The data were baselined to -100 to 0 ms pre-stimulus,
and therefore to a different time window for each trial depending on RT. The
two windows highlight the time during which this component was most pro-
nounced, as identified in previous analyses (-400 to -200 ms and -200 to 0
ms). The legend displays the average number of trials across participants,
together with the minimum and maximum number of trials; ms: millisecond;
1V micro-volt.
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Average SPN Outer - inner bins Error - correct

-400 to -200 ms

-200to 0 ms

Figure 73: Topographies for the feedback-locked stimulus-preceding negativity
(SPN). The upper panels show the data during the earlier time window (-400
to -200 ms); the lower panels during the later time window (-200 to 0 ms). The
left panels present the average SPN; the medium panels the difference between
the inner and the outer bins; and the right panels the difference between errors
and correct trials. The colours in the topographic plots indicate different values
in micro-volt; ms: millisecond.
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had been instructed to keep their eyes focused on the fixation cross throughout
the entire trial, this suggests that they did move their eyes when feedback was
presented, and that they differed in this behaviour depending on whether the
feedback presented was positive or negative. All these data are locked to the
onset, of the feedback stimulus.

The data were then submitted to a two-way ANOVA with classifier
quartile and stimulus side as independent variables. The general N2pc effect
that I expected to find for this data was a main effect of stimulus side: We
can expect that the signal is more negative on the side contralateral to the
stimulus presentation, which shows that participants directed their attention
to this field. In other words, the solid bars in Figure 74 should have more
negative values than the shaded bars. This effect was reliable, F/(1, 16) =
8.8, p < 0.01, 7712) = 0.36. It can therefore be concluded that allocation of
attention to the feedback stimulus was reflected in the N2pc.

I next tested whether this effect was modulated by classifier bin. The
interaction between stimulus side and classifier bin was not reliable, though,
F < 1. The precise hypothesis in this context was that the N2pc effect would
be larger for the two middle bins, but the quadratic trend was not reliable, F' <
1. The same held for the linear trend, F'(1, 16) = 1.0, p = 0.33, 775 = 0.06.
There was, however, a marginally reliable effect of classifier bin, F'(1.8, 28.9) =
2.6, p = 0.09, 77;% = (.14, with the smallest deflection for the first quartile,
My, = 2.1 pV, compared to the other bins, My = 3.8 uV, M3 = 3.1 uV,
My, = 4.2 uV. There was also a marginally reliable linear trend for this effect,
F(1, 16) = 3.8, p = 0.07, 1} = 0.19. Post-feedback activity will further be
analysed in the context of the FRN.

Taken together, these findings suggest that even though there was an

N2pc effect, that is participants attended to the side on which the feedback
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Figure 74: Difference wave (contralateral minus ipsilateral) for the feedback-
locked N2pc at electrodes P7 and P8, conditioned on single-trial Pe amplitude,
reaching from smallest (1) to largest (4) quantile. The data were baselined to
-100 to 0 ms pre-stimulus, and therefore to a different time window for each
trial depending on RT. The window highlights the time during which this
component was most pronounced, as identified in previous analyses (210 to
270 ms). The legend displays the average number of trials across participants,
together with the minimum and maximum number of trials; ms: millisecond;
1V micro-volt.
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Average N2pc Outer - inner bins Error - correct

Figure 75: Topographies for the feedback-locked N2pc during the time window
from 210 to 270 ms. The left panel presents the average N2pc; the medium
panel the difference between the inner and the outer bins; and the right panel
the difference between errors and correct trials. The colours in the topographic
plots indicate different values in micro-volt; ms: millisecond.

was presented, this effect was not modulated by how confident participants
were, as predicted by the classifier. Nor was the N2pc modulated by the
valence of the feedback, as shown in the lower panel of Figure 74. In a two-
way repeated-measures ANOVA with objective accuracy and stimulus side as
dependent variables, there was again a reliable N2pc effect, F'(1, 16) = 7.6, p =
0.01, 77;2, = 0.32, but there was no effect of objective accuracy, F(1, 16) =
1.1, p = 0.31, 7)12, = 0.06, and — critically — no interaction between accuracy
and stimulus side, F' < 1. This suggests that the valence of the feedback had no
effect on how much attention was allocated to it. This analysis again focused
on just one electrode pair (P7/P8), one time window (210 to 270 ms) and
ignored the side on which the response key was pressed. Results for the full
five-way repeated-measures ANOVA with objective accuracy, stimulus side,
response side, time window and electrode pair as dependent variables can be
found in Appendix A.5.

However, Figure 74 suggests that the pre-stimulus baseline chosen for
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this analysis led to condition differences prior to the onset of the time win-
dows in question, which makes interpretation of the results difficult, if not im-
possible. I therefore repeated the N2pc analyses with a baseline ranging from
-100 to 0 ms pre-feedback-stimulus. The data for this analysis are presented
in Figure 76.

The data were again submitted to a two-way ANOVA with classifier
quartile and stimulus side as independent variables. According to the general
N2pc effect, we can expect that the signal is more negative on the side con-
tralateral to the stimulus presentation, which shows that participants directed
their attention to this field. This effect was reliable, F(1, 16) = 9.7, p <
0.01, 7][2, = 0.38, as in the previous analysis. It can therefore be concluded that
allocation of attention to the feedback stimulus was reflected in the N2pc.

I next tested whether this effect was modulated by classifier bin. The
interaction between stimulus side and classifier bin was indeed reliable,
F(3, 48) = 3.8, p = 0.02, 772 = 0.19. The precise hypothesis in this context
was that the N2pc effect would be larger for the two middle bins, however, the
quadratic trend was not reliable, F'(1,16) = 2.6, p = 0.13, nf) = 0.14. There
was also no reliable main effect of classifier bin, F'(3, 48) = 1.9, p = 0.15, 77]2) =
0.11.

Taken together, even with the improved baseline, these findings sug-
gest that the overall N2pc effect was not modulated by classifier confidence.
Moreover, the N2pc was also not modulated by the valence of the feedback,
as shown in the lower panel of Figure 76. In a two-way repeated-measures
ANOVA with objective accuracy and stimulus side as dependent variables.
There was, once more, a reliable main effect of stimulus side, F(1, 16) =
5.0, p = 0.04, 7712) = 0.24, however, there was no reliable interaction ef-

fect, ' < 1. There was also a marginally reliable main effect of accuracy,
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Figure 76: Difference wave (contralateral minus ipsilateral) for the feedback-
locked N2pc at electrodes P7 and P8, conditioned on single-trial Pe amplitude,
reaching from smallest (1) to largest (4) quantile. The data were baselined to
-100 to 0 ms pre-feedback-stimulus. The window highlights the time during
which this component was most pronounced, as identified in previous analyses
(210 to 270 ms). The legend displays the average number of trials across
participants, together with the minimum and maximum number of trials; ms:
millisecond; pV': micro-volt.
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F(1, 16) = 3.5, p = 0.08, 72 = 0.18, reflecting that mean voltages at P7/P8
were more negative for correct trials, compared to errors, M., = 2.4 uV;

M = 2.9 pV.

Surprise effects (FRN and P3). As previously mentioned, I expected
the FRN to reflect an unsigned reward prediction error — that is a surprise
signal — in response to error feedback. This would mean surprise in cases
where feedback deviated from the expected outcome, for instance when the
participant expected an error but was correct. The design used here has the
advantage that the classifier can predict the expectation participants hold at
a given time — if they are low confident, they should be expecting negative
feedback, as the feedback was fully contingent on their response. Given the
surprise hypothesis, I would therefore expect to find the classifier bin to interact
with objective accuracy.

Figure 77 presents the feedback-locked ERPs. The FRN peaks around
250 ms in these figures. The data were submitted to a three-way ANOVA
with electrode, bin, and accuracy and independent variables. Only five midline
electrodes were considered in this analysis: FZ, FCZ, CZ, CPZ, and PZ. FRN
data for electrode CZ are shown in the upper and lower left panels of Figure
77, with the respective topographies shown in Figure 78.

I would have expected the FRN to be largest at fronto-central elec-
trodes, the strongest effect was found at the most frontal electrode FZ, though,
Mgy = 3.5 pV, compared to the other electrodes, Mpoyz = 4.1 pV, Moy =
4.0 uV, Mepy = 3.7 uV, Mpy = 4.0 uV. However, this effect was not reli-
able, F(12.0, 31.6) = 2.1, p = 0.14, 72 = 0.12. I therefore analyse all of these
electrodes.

If the FRN reflected an unsigned RPE, we could expect to find a main
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Figure 77: Feedback-related negativity (FRN; fERN) and P3 — both feedback-
locked — at electrode CZ, conditioned on single-trial Pe amplitude, reaching
from smallest (1) to largest (4) quantile. The data were baselined to -100
to 0 ms pre-stimulus, and therefore to a different time window for each trial
depending on RT. The window highlights the time during which the P3 com-
ponent was most pronounced, as identified in previous analyses (180 to 280
ms). The legend displays the average number of trials across participants,
together with the minimum and maximum number of trials; ms: millisecond;
1V micro-volt.
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Figure 78: Topographies for the P3 during a time window from 180 to 280 ms.
The left panel shows correct trials, the right panel shows error trials. The

colours in the topographic plots indicate different values in micro-volt; ms:
millisecond.
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effect of objective accuracy depending on overall error rates. For instance,
if errors are less common than correct trials — as they usually are — then
participants would be expected to show signs of surprise at error feedback, as
reflected in the FRN. This effect was indeed reliable, F'(1, 16) = 27.1, p <
0.001, 7712) = 0.63, with a larger FRN on error, M = 4.3 pV, compared to
correct trials, M = 3.4 puV. These findings therefore support the view that
the FRN is a reflection of a signed prediction error, as opposed to a surprise
signal. Moreover, according to the surprise hypothesis, I would have expected
to find a reliable interaction between classifier bin and accuracy, which was
also not found, F' < 1. There was also no significant main effect of bin,
F(3, 48) = 1.2, p =0.32, 775 = 0.07. There were no other reliable effects for
this ANOVA, F's <= 1.6, ps >=0.19.

Taken together, the results did not follow the above-described surprise
hypothesis. Participants did not show a reliably larger FRN when their expect-
ations were violated, such as receiving negative feedback on a high-confidence
trial, Mpighsurprise = 4.2 V', compared to a trial on which feedback was con-
gruent with their expectation, Mjoysurprise = 3.7 V. Instead, there was an
effect of feedback valence, similar to the findings reported by Yeung and Sanfey
(2004; see also Sato et al., 2005).

As argued above, P3 amplitude was expected to reflect surprise, similar
to the FRN. The data were therefore analysed for correct and error trials
separately, to correctly account for the effects of expectation. The average P3
as a function of bin and accuracy is shown in the lower right panel of Figure
77. Topographies for the average P3 on correct and error trials is presented in
Figure 78.

Data from electrode CZ during a time window ranging from 180 to 280

ms had previously been identified to show the largest P3 effect (see Section
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4.1.5.3). These data were therefore submitted to an ANOVA with bin and
accuracy as independent variables. If the P3 did indeed reflect surprise, then
I would have expected to find its amplitude to be largest for correct trials in
bin 4 (the participant expected negative feedback but instead received positive
feedback) and error trials in bin 1 (the participant expected positive feedback
but instead received negative feedback). This would have been reflected in a
reliable interaction between accuracy and bin. This effect was not reliable,
however, F'(3, 48) = 1.4, p = 0.24, 7712) = 0.08. It can therefore not be
concluded that P3 amplitude followed surprise. The effect of accuracy was also
not reliable, F' < 1, echoing the findings reported by Yeung and Sanfey (2004).
Moreover, the classifier quartile had no significant effect on P3 amplitude,
F(2.1, 33.5) = 1.3, p = 0.28, nz = 0.08. There was also no reliable linear
trend, ' < 1. It can therefore not be concluded that P3 amplitude reflected a

positive prediction error (Sallet et al., 2013).

4.2 General discussion

The present experiment was designed to test whether confidence has an effect
on attention paid to feedback. The key hypothesis was that participants would
pay more attention to feedback if they were unsure regarding the accuracy of
their previous response. The general notion was that participants would be
able to gain information from feedback in such situations, whereas feedback
would not provide additional information — and could therefore be ignored
— when they were certain that their previous response was correct or incor-
rect. Confidence therefore functions as an internal feedback signal. However,
the findings for the ERP components reflecting anticipation (SPN), attention

(N2pc), or surprise (FRN/P3) did not provide support this attentional hypo-
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thesis.

With the present study, a novel, unobtrusive approach to measure
confidence was used that meant that no overt confidence responses had to be
collected. Error awareness was instead predicted using the classifier approach
that had been introduced in Chapter 3. A similar dot-count decision task was
used, which was adaptive in nature, aiming for a substantial amount (one third
to a half) of undetected errors. This staircase was indeed successful. In the
main experiment, participants received feedback after every trial. For the con-
fidence blocks, resolution mirrored the results from the previous experiments.
Moreover, echoing the findings from EXPERIMENT 3, participants were slightly
faster when no confidence judgements were taken, but a difference in strategy
was not reflected in accuracy.

The classifier, which was used to predict trial-by-trial variations in con-
fidence, was once more based on the Pe. The ERN and the Pe not only reflec-
ted differences in objective accuracy, but also confidence — despite the low trial
number of metacognitive trials — replicating the findings of EXPERIMENT 4.
Moreover, this effect was also present in correct-trial Pe amplitude on the
single-trial level, again replicating the findings from EXPERIMENT 4.

The key question in this experiment was then addressed by analys-
ing four feedback-related EEG components, SPN, N2pc, FRN, and P3. For
the former two, which were interpreted to reflect allocation of attention to
feedback, no effects of classified confidence were found. Whether or not par-
ticipants were guessing their response did not seem to have an effect on how
much attention they allocated to feedback. Presumably, this null effect was not
caused by general noise in the EEG data, as for example the N2pc did reflect
the general effect of attention to feedback, as would have been expected for

this component. For the latter two components, which were thought to reflect
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expectation or surprise, there were also no effects of confidence. However, a
midline frontal negativity was found that varied with accuracy, similar to the
findings reported by Yeung and Sanfey (2004), therefore suggesting an effect
of feedback valence, as reflected in the FRN.

One reason why the predicted effects of confidence were not found could
be the reduced power of the classifier. As reported above, a k-fold algorithm
revealed that the AUC for the classifier used here was only 0.64, which is
relatively low. It can therefore be assumed that the predictive performance
of the classifier was reduced and the four confidence bins identified were in
fact overlapping to a great extent. If we compare the present experiment to
the one in the previous chapter, one possible reason for this could be that in
the present case, a substantial number of errors remained undetected. This
becomes obvious if we compare Figures 30 and 62, which show the distributions
of confidence responses as a function of accuracy for the two experiments.
There was a larger overlap for the experiment in this chapter, suggesting that
the primary task was slightly more difficult, which led to more data-limitation
errors (Scheffers & Coles, 2000). The Pe has been repeatedly linked to error
awareness (Nieuwenhuis et al., 2001; Steinhauser & Yeung, 2010). Given that
the classifier was trained on data taken from the time window of the Pe, we
could assume that it worked better for the type of error that was caused by
premature responding. This could have led to a more stable classifier for
EXPERIMENT 4.

Several changes regarding the design of the study could contribute
positively to the power of the paradigm. First of all, feedback stimuli could be
made more salient, for instance by introducing a reward scheme according to
which participants would earn points or money for correct first-order responses.

Currently, the feedback served no purpose other than a confirmatory one, that
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is participants monitored it merely to compare it to their own error detection.
Using a reward paradigm would also have an effect on the strength of the FRN
component. This EEG correlate is usually studied with rewards paradigms
with feedback signalling whether the last response was a loss or a win. Using
a reward paradigm could also make the SPN stronger, as shown in a study by
Kotani et al. (2003).

Another way to make feedback even more salient is to require parti-
cipants to respond to it. Indeed, it has been found that the FRN is enhanced
when a reaction to feedback is required rather than when feedback is passively
viewed (Yeung, Holroyd & Cohen, 2005; see also Walsh & Anderson, 2012, for
a review). This would be inherently achieved with a learning experiment. For
instance, one could design a study similar to the paradigm used by Yu and
Dayan (2005) in which participants receive probabilistic feedback from which
they have to infer whether the state of the world has changed, and whether
they therefore have to change their behaviour accordingly. In such a task,
attending to feedback is crucial to notice switches in the environment and to
adapt accordingly.

In addition to studying EEG correlates of attention, one could also con-
sider studying the time spent to study feedback, similar to Kulhavy and Stock
(1989): After every trial, informative feedback could be given. Participants
would be allowed to abort this feedback presentation by pressing a button,
and they could do so immediately after they made their response. This design
would permit measurement of whether or not participants skipped feedback
and in the latter case how long they allow feedback to stay on screen. This
could be interpreted as an indirect measure of attention to feedback. This
study would be a replication of the design used by Hays et al. (2010) in a

perceptual-decision-making context.
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Taken together, this study failed to find evidence for modulation of
feedback processing by confidence. Instead, these findings suggest that instead
of the certainty hypothesis described above, feedback processing was more
modulated by feedback valence. Several improvements to increase the power
of the design have been suggested. The general problem that remains, however,

is that the readout of confidence was not as stable as expected.
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Multiple cues contribute to the

formation of metacognitive judgements

In the previous chapters, I have focused on how metacognitive judgements can
be measured and how they affect cognitive processing and behaviour. How-
ever, precisely which mechanisms lead to the formation of such confidence
judgements and how they are linked to actual performance has not yet been
touched upon and remains a challenge for most models of confidence. Con-
fidence is often interpreted as a subjectively judged probability of being cor-
rect (Moreno-Bote, 2010; see also Fleming & Lau, 2014, for a review), and
it has been argued that this representation is task-independent (De Gardelle
& Mamassian, 2014). However, research has shown that confidence is by no
means a direct, fully reliable index of objective accuracy. Leonesio and Nel-
son (1990), for instance, have compared different judgements of metamemory.
Their findings suggest that correlations between various ratings and actual task
performance are moderate, at best. Other studies from the domain of meta-
memory (Busey et al., 2000), perception (Fleming, Huijgen & Dolan, 2012;
Fleming et al., 2010; Kiani et al., 2014), and problem solving (Metcalfe, 1986;
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Metcalfe & Wiebe, 1987) have arrived at similar conclusions.

Nevertheless, confidence relates in systematic ways to key factors in-
fluencing decision processes. For instance, findings from perceptual decision-
making studies suggest that manipulations of difficulty level, such as stimulus
intensity, influence how confident participants judge their choices. Evidence
suggests that this reduction in confidence with difficulty reflects a change in
both metacognitive sensitivity and metacognitive bias. First, participants tend
to be more confident overall in easy compared to difficult conditions (Baranski
& Petrusic, 1998, p. 936). This follows quite intuitively if we assume a balance-
of-evidence mechanism as previously described: Easy conditions are charac-
terised by a larger difference in accumulation rates between the two counters,
which means that the correct counter will reach the threshold first on most
trials, leading to a high first-order detection sensitivity, d’. The counter repres-
enting the incorrect response, on the other hand, will on most trials lose as it
will have accumulated only a limited amount of evidence in this time, leading
to a larger balance of evidence and therefore higher confidence. On a small
proportion of trials, random fluctuations will have led to this counter reaching
the threshold first and eliciting an erroneous response. However, the counter
representing the correct choice alternative will most likely have accumulated
a substantial amount of evidence, leading to smaller balance of evidence and
therefore lower confidence. This is an example of a well-known effect, namely
the idea that second-order sensitivity, meta-d’ (Maniscalco & Lau, 2012), cov-
aries with first-order sensitivity — in other words, if a participant was guessing
the answer to a difficult perceptual decision task, their confidence judgement
following this decision would also be likely to reflect guessing.

Second, difficulty itself can have an effect on the other SDT measure,

metacognitive bias; that is participants’ tendency to use one or the other end
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of the confidence scale. A high bias means that participants tend to classify
responses as correct independent of their actual accuracy; they are overconfid-
ent. A low bias, on the other hand, means that participants are underconfident,
they are more likely to classify responses as incorrect. Findings from numerous
studies (Baranski & Petrusic, 1994; Gigerenzer et al., 1991; Juslin et al., 2000;
Pleskac & Busemeyer, 2010) suggest that easier conditions are often accom-
panied by underconfidence whereas more difficult conditions are accompanied
by overconfidence, the hard-easy effect. A similar effect has been found for
individual differences given that participants’ competence in a domain is cor-
related with how well they are at judging their own competence, in other words,
overconfidence increased with incompetence (the “unskilled-and-unaware-of-it”
phenomenon; Kruger & Dunning, 1999).

As mentioned briefly in Chapter 1, this work has led to contrasting the-
ories regarding the precise mechanisms of confidence judgements (Koriat, 2012;
Schwartz & Metcalfe, 1994), with direct-access and heuristics-based models.
Those theories will briefly be reviewed and contrasted here.

First, direct-access theories assume that confidence judgements rely
on the same information as the decision itself, or some property of that de-
cision. One example is the theory of probabilistic mental models (PMM) by
Gigerenzer et al. (1991). According to this theory, both the decision and the
confidence judgement are based on probabilistic cues taken from the environ-
ment. Validity of the currently-activated cues then determines the accuracy
of both the decision and the confidence judgement. Another popular direct-
access model of confidence is type-II SDT (Higham et al., 2009; Maniscalco
& Lau, 2012). According to this theory, confidence reflects the quantity of
evidence accumulated in favour of the chosen response option.

The term direct-access also refers to views in which other properties
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of the decision contributed towards decision confidence. One example is the
balance-of-evidence hypothesis, in which the difference in evidence accumu-
lated in each of two racing counters at the time of the decision is thought
to provide the level of confidence that accompanies the decision (Kepecs &
Mainen, 2012; Van Zandt & Maldonado-Molina, 2004; Vickers & Packer, 1982).
This readout does not necessarily have to be noise-free, as highlighted by De
Martino et al. (2013). Evidence supporting the unchosen option has also been
assumed to play a role in mismatch models, which assume that error detection
is based on internally comparing the intended action to the one that was ac-
tually performed (Charles, King & Dehaene, 2014; Middlebrooks & Sommer,
2011; Falkenstein et al., 1991; Gehring et al., 1993), as well as Audley’s “runs
model” (Audley, 1960) and the doubt-scaling model proposed by Baranski
and colleagues (Baranski & Petrusic, 1998). These examples are also closely
related to models that focus on the role of cognitive conflict in the genera-
tion of metacognitive signals (Davelaar, 2009; Yeung, 2013), based on the idea
that competing response tendencies can serve as a cue to confidence and error
detection.

There are also direct-access models which assign a special role to the
quality (or reliability) of evidence. In an accumulation model, such as the ones
previously described, evidence quality would be reflected in the drift rate,
that is the speed with which the system samples evidence for either of the
two responses over time. It has previously been suggested that confidence is
derived from a combination of evidence quality and quantity (Peirce’s Model;
Peirce, 1877; Pleskac & Busemeyer, 2010; see also Yeung & Summerfield, 2014,
2012; Kiani & Shadlen, 2009). The idea here is that evidence quantity alone
is not sufficient to determine confidence since the amount of evidence needed

to elicit a decision may be fixed within a condition and would therefore result
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in the same level of confidence for all trials within this condition. Evidence
quality, however, is not directly accessible for the participant (Hanks et al.,
2011), otherwise participants would not have to sample evidence to begin with
(Yeung & Summerfield, 2012). Instead, the participant could have access to a
combination of both parameters, which then determine decision confidence.
In contrast to these various species of direct-access hypothesis, there
are models that hypothesise confidence does not depend primarily on direct
access to parameters of the decision process, but rather reflects other influences
or cues that are external to the first-order decision process. A substantial
corpus of research has been conducted on this question in the literature on
metamemory. In this context, results suggest that confidence judgements are
rarely based directly on the strength of the memory trace of the currently-
judged material, but are instead often influenced by heuristics, such as the
familiarity (Hertzog, Dunlosky & Sinclair, 2010), fluency (Castel, McCabe &
Roediger, 2007), or accessibility (Koriat, 1993) of to-be-retrieved material (see
also Schwartz & Metcalfe, 1994). Another heuristics-based model is the self-
consistency model (SCM, Koriat, 2012, 2011), according to which participants
repeatedly sample the problem or item at hand and judge their confidence
depending on how much their chosen alternative differs from those samples
(consensuality principle). Yet another example of an heuristics-based model
in the decision-making domain is the time heuristic. According to this view,
RTs are a frugal cue for confidence judgements — the longer it takes us to
form a decision, the less certain we should be (Audley, 1960; Zylberberg et al.,
2012; Kiani et al., 2014). In fact, it has been suggested that RTs represent a
proxy by which participants estimate the reliability of the evidence underlying
a decision (Hanks et al., 2011; Kiani & Shadlen, 2009). The notion here is

that participants learn over time that information from unreliable sources —
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such as reading a road sign without wearing one’s glasses — is associated with
slower responses, in this case reading the sign takes longer.

Evidence reliability is a factor that has recently been studied intensely
in the field of decision making (Beck et al., 2008; Fiser, Berkes, Orban &
Lengyel, 2010; Ma, Beck, Latham & Pouget, 2006). In these studies, evidence
reliability is usually operationalised as variability in the stimulus, over time
or over a decision-relevant dimension. For example, De Gardelle and Sum-
merfield (2011) presented arrays of coloured shapes, which participants had
to classify as on average red or blue. The variability of colour in those shape
arrays was critically manipulated (comparing homogenous versus heterogen-
eous colour arrays) together with the distance of the average colour relative
to the decision boundary (i.e., how ‘purplish’ the shades of blue or red were).
On a behavioural level, more variable stimuli led to both increased RTs and
error rates (De Gardelle & Summerfield, 2011; Michael, De Gardelle & Sum-
merfield, 2014). In addition to these behavioural effects, other studies have
suggested that evidence reliability is represented internally in form of a sum-
mary statistic (Alvarez, 2011; Pollard, 1984). These summary statistics can
occur at all stages of cognitive processing and can be both internal (inter-
ference of other mental representation makes a to-be-retrieved memory more
fuzzy) and external (foggy weather conditions hinder clear perception of a
road sign; Bach & Dolan, 2012). Representing reliability in such a way makes
sense when considered from a Bayesian perspective: If agents were assumed to
behave Bayes-optimally they should weigh evidence by its reliability. In line
with this idea, studies have suggested that participants adjust the influence of
different sources of information according to their reliability (Montgomery &
Sorkin, 1996; De Gardelle & Summerfield, 2011). Such information regarding

the uncertainty of a neural representation has also been shown to optimise
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learning (Behrens et al., 2007). Moreover, a recent study by Michael, De
Gardelle, Nevado-Holgado and Summerfield (2015) suggested that uncertainty
due to evidence reliability is represented in the dorsomedial prefrontal cortex
(dmPFC) separately from uncertainty due to low evidence strength.

The impact of evidence reliability on confidence is not currently un-
derstood. Intuitively, one would expect reduced evidence reliability to result
in reduced confidence, which has been suggested in recent reviews by Yeung
and Summerfield (2012, 2014). A study conducted more than half a century
ago by Irwin et al. (1956) found support for this hypothesis. The authors
tested influences on confidence in a decision task where mean and variability
of a primary task stimulus were varied. For this purpose, participants were
shown 20 cards with numbers printed on them out of a deck of 500. They
had to judge whether the mean of all these number cards was above or below
zero. In addition, they had to judge how confident they were with regard to
their response. Interestingly, confidence was inversely related to the standard
deviation of the numbers on the cards. However, a recent study by Zylberberg
et al. (2014) found precisely the opposite effect in a study of perceptual de-
cision making. In their task, participants had to judge whether an array of
line segments was on average oriented clockwise or counterclockwise, rating
their confidence together with each response. The authors varied the jitter
of these line-segments and found, perhaps surprisingly, that greater evidence
variability led to increased confidence. In the present chapter, I follow up on
the question of how reliability of evidence influences confidence, asking how
these ambiguous findings can be explained and potentially reconciled.

The first experiment in the present chapter, EXPERIMENT 6, focused
on whether a combination of cues determined how confident participants judge

their responses and whether evidence reliability is one of these cues. Parti-
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cipants had to judge the average colour of an array of eight coloured shapes,
and reliability was operationalised as variability in the information in this
multi-element array and critically manipulated as such. This operationalisa-
tion of evidence reliability is similar to the one chosen by De Gardelle and
Summerfield (2011) and Zylberberg et al. (2014), with the underlying assump-
tion that stimulus variability leads to more noise in the perceptual system and
therefore less reliable mental representations of the stimulus values. The ex-
periment compared the effect of evidence strength and evidence reliability on
confidence, expecting to find that the effect of evidence reliability on confidence
would be stronger because evidence reliability reflects the ‘native language’ of
confidence. In other words, confidence could neurally be represented as the
spread of a distribution, in line with a Bayesian perspective on cognitive pro-
cessing. This spread, or reliability can then be accessed directly, translating it
into verbal judgements of decision confidence.

EXPERIMENT 7 investigated individual differences in confidence and
sensitivity to evidence reliability, specifically using an acute tryptophan de-
pletion (ATD) model of depression. Disturbances in metacognitive processing
have previously been reported in a number of clinical groups: Several studies
have suggested impaired error detection in patients with schizophrenia (e.g.,
Alain, McNeely, He, Christensen & West, 2002; Malenka, Angel, Hampton
& Berger, 1982). Charles (2013), for instance, found evidence for impaired
conscious metacognition in schizophrenia, while unconscious metacognitive
processing remained intact. Moreover, obsessive compulsive disorder (OCD)
has previously been linked to impaired metamemory (Tolin et al., 2001; Ben
Shachar, Lazarov, Goldsmith, Moran & Dar, 2013), resulting, for example,
in reduced confidence in the memory trace of switching the gas off. A third

example is patients with depression, who have repeatedly been reported to
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differ from healthy controls in their metacognitive bias, being either under-
(Dunlosky & Metcalfe, 2009, for a review) or overconfident (Dunning & Story,
1991). With EXPERIMENT 7, I therefore tested the hypothesis that those
changes in metacognitive bias can be attributed to a weaker influence of evid-
ence reliability on confidence, given the often reported increase in focused
attention for participants with depression (Ahveninen et al., 2002; Schmitt
et al., 2000). Acute tryptophan depletion was used in this study to lower
extracellular serotonin levels. There is evidence that serotonin modulates pro-
cesses related to mood and emotion (Heninger, Charney & Sternberg, 1984).
It has furthermore been found in healthy participants that lowering serotonin
through ATD leads to lower mood (Young, Smith, Pihl & Ervin, 1985).
Finally, the third experiment in this chapter focused on the question
of whether the influence of evidence reliability on confidence was reflected in
the same error-related neurophysiological correlates studied previously in this
thesis — the ERN and the Pe. EEG activity was therefore recorded while parti-
cipants performed the colour-judgement task and — following up on the notion
that the amplitude of the Pe can be used to predict confidence (EXPERIMENTS
4 and 5) — I tested whether Pe amplitude reflects yet another internal cue on
which confidence judgements are based. It should be highlighted that this hy-
pothesis does not reflect the idea that participants read out their confidence
from the Pe, but rather that the Pe reflects influences of other cues not taken

into account in the model of confidence.
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5.1 EXPERIMENT 6: Signal reliability affects meta-
cognitive judgements

Using colour and shape judgement tasks, De Gardelle and Summerfield (2011)
showed that stimulus variance can affect decision making performance inde-
pendently of signal strength, see Figure 79. The mean and variance of a signal
therefore represent two orthogonal ways to manipulate difficulty, reflecting op-
erationalisations of signal strength and signal reliability, respectively. Using
their colour judgement task, I built on these findings to test how stimulus vari-
ance affects decision confidence. Colours were sampled from distributions with
pre-specified weak versus strong evidence favouring one of the two colours, and
low versus high evidence variability. These two experimental factors resulted
in four difficulty conditions, of which the two intermediate ones were matched
for performance. These two conditions should both have been of intermedi-
ate difficulty, but due to different stimulus characteristics: The low mean, low
variance condition was difficult because the colour information did not clearly
favour one option over the other. The high mean, high variance condition
was difficult because the evidence was noisy. An adaptive procedure was used
to match those medium conditions with regards to RTs and error rates. Of
interest was whether and how these conditions might differ in their confidence.

Current theories of decision confidence would predict that equally diffi-
cult first order tasks will lead to equivalent levels of confidence, given that most
of these direct-access models assume that first- and second-order judgements
rely on the same information and internal processes. The inferential time heur-
istic similarly predicts that confidence and first-order performance, specifically

RT, are inseparably intertwined. I predicted, however, that confidence should
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Figure 79: Figure reproduced from De Gardelle and Summerfield (2011),
presenting response times (RTs) and error percentages for six difficulty condi-
tions.

be affected by both manipulations of difficulty, but more so by evidence reli-
ability, or colour variance, following from the idea that uncertainty estimates
are represented internally in the form of probability distributions (Beck et al.,
2008; Fiser et al., 2010; Ma et al., 2006). This hypothesis was tested by dir-
ectly comparing the two performance-matched conditions, by analysing SDT
parameters (metacognitive sensitivity /efficiency and metacognitive bias), and

by fitting regression models to predict participants’ confidence ratings.

5.1.1 Methods

5.1.1.1 Participants

Twenty-one participants were recruited from a participant database. One par-
ticipant had to be excluded due to apparently random use of the confidence
scale. There were 20 participants in the final sample, 14 of whom were fe-
male, with ages ranging from 18 to 25 years. All participants had normal or

corrected-to-normal vision and — according to self-report — intact colour vis-
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ion. The experiment lasted approximately 90 minutes. Participants received
course credit (N = 6) or money (£12; N = 15) as compensation. All testing

was approved by the local ethics committee.

5.1.1.2 Task and procedure

The participants’ task was to judge the average colour of eight shapes, de-
termining whether this colour was on average more red or more blue. Each
stimulus consisted of eight coloured shapes spaced regularly around a fixation
point (radius 2.8° visual arc). This task can be made difficult in two distinct
ways: first, by reducing the mean of the distribution (i.e., using colours that
are, on average, purple hues rather than clear red or blue) and, second, by in-
creasing variability in the distribution of colours (i.e., using colours that are a
heterogenous mix of reds, blues and purples rather than a homogeneous hue).
The latter factor was my experimental manipulation of evidence reliability.
Factorial crossing of these two experimental factors results in four conditions
of varying difficulty (Figure 80).

The task is easy when stimulus mean is high (on average the colour
is very red or very blue) and stimulus variability is low (all stimulus elements
exhibit this difference). Conversely, the task is challenging when stimulus mean
is low (the average colour is ‘purplish red’ or ‘purplish blue’) and variability
is high. Then there are two conditions which should both be of intermediate
difficulty, but due to different stimulus characteristics: The low mean, low
variance condition is challenging because the average colour is ‘purplish red’
or ‘purplish blue’ and the colour information is therefore not clearly favouring
one option over the other. The high mean, high variance condition, on the
other hand, is difficult because the evidence is noisy. Of critical interest is the

comparison between these two medium difficulty conditions, which I matched
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in terms of primary task performance using a staircase procedure described

below.

Low Mean High Mean

Medium Easy

Low
Variance

BLUE RED BLUE RED
Difficult Medium

High
Variance

BLUE RED BLUE RED

Figure 80: Sample stimuli, showing the four difficulty conditions in the 2
(stimulus mean) x 2 (stimulus variance) design. For each cell, both a red
and a blue stimulus are shown. Colour values were made more extreme for
illustrative purposes.

A second, decision-irrelevant dimension was furthermore included in
the design: Stimuli varied in their shape, being round or rectangular or an
intermediate shape (a geometric shape usually referred to as “squircle”), but
those variations were not expected to affect task performance. Shape values
were varied similar to colour but this stimulus dimension was not relevant for
the decision task and therefore not mentioned in the instruction. There was
also no staircase to adjust the difficulty of the shape values. Replicating the
findings in De Gardelle and Summerfield (2011), mean and variance of shape

had no influence on either correct RTs nor error rates, F's <= 1.6, ps >= 0.23,
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and are therefore not discussed further below.

Stimuli were presented on a 20" CRT monitor with a 75 Hz refresh rate
using the MATLAB toolbox Psychtoolbox3 with a 70 cm viewing distance. All
responses were made with a USB keyboard. The colour judgements were made
with the “c” or “n” key (left or right thumbs). Confidence responses were made
with the upper number line (keys “1”, “2”, “3” “8” “9” and “0”) using the index,
middle and ring fingers of the two hands.

A typical sequence of trial events is shown in Figure 81: Participants
saw the stimulus for 160 ms. They then pressed a key according to whether
they thought the average colour of the stimulus was red or blue. They had
up to 1,500 ms time to give their response and trials exceeding this time were
counted as misses and a warning message would ask them to respond faster.
After a 600 ms RSI, a confidence scale was presented and the participants
indicated how confident they were about the correctness of their response by
pressing one out of six keys. The confidence scale was the same as in previous
experiments. Participants were given unlimited time for their judgements. The
next stimulus was presented 1000 ms later.

Participants completed extensive training in the task, both with and
without confidence judgements (512 to 704 trials), during which an adapt-
ive procedure was used to match the medium conditions with regard to RTs
and error rates. The level of stimulus mean in the low mean, low variance
condition was varied so that performance in this condition was matched with
performance in the high mean, high variance condition. Matching was done
specifically with reference to an efficiency measure, median correct RT di-
vided by accuracy (inverse efficiency score IES; Bruyer & Brysbaert, 2011).
More precisely, at the beginning of the practice staircase blocks (blocks 2 to

8), the weak evidence condition was adjusted whenever the two medium con-
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Figure 81: Methods of the colour task. Participants first had to indicate
whether an array of eight coloured shapes was on average more red or more blue
by pressing the left or right response key. After their response, the confidence
scale was presented on screen and participants were given unlimited time to
choose how confident they were that their last response was correct. RSI:
response-stimulus interval; ITI: inter-trial interval; ms: millisecond.
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ditions were not matched with regard to the efficiency measure. Matching
was assessed across the preceding block. If there was a difference of at least
10 ms/acc, the weak evidence condition would be increased or decreased by
2% of the initial difference between weak and strong evidence. If the difference
was at least 50 ms/acc, the change would be 5%, and for 100 ms/acc or more,
the change would be 10%. After these adjustment blocks, the experimenter
decided whether additional adjustment blocks were needed, based on visual
inspection of RTs and error rates for the two medium conditions, which were
shown on screen. For example, if performance in the two conditions was con-
verging but not yet quite matched, the experimenter would decide to include
yet another practice block for this particular participant.

Participants completed seven to ten adjustment blocks in total (M =
7.7), during which a feedback tone was played every time they committed an
error. They then completed one block of task practice in which the confidence
scale was presented for the first time. After completion of this block, frequen-
cies for each confidence category were displayed on screen and the experimenter
discussed these values with the participants, encouraging them to use the full
scale.

Participants then completed 16 experimental blocks of 64 trials each.
Prior to each block, they completed 16 colour judgement trials without confi-
dence ratings and instead with auditory feedback to help the participants to
maintain a stable colour discrimination criterion throughout the experiment.
Feedback was not given during the main part of the blocks in which a confi-
dence rating was required on each trial, however, median correct RTs and error
rates for the two colour classes were shown on screen after the completion of
each block. Participants were instructed to pay attention to these feedback val-

ues and to monitor themselves in that they would not develop a bias towards
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one of the colours. The experimenter also monitored these values throughout
the entire study, reminding participants of the instruction whenever necessary.
Direction of the confidence scale and mapping of colours to response keys were

counterbalanced across participants.

5.1.2 Results

5.1.2.1 First-order judgements

Basic performance measures and matching of the medium condi-
tions. The first set of analyses focuses on whether the present experiment
replicated findings from De Gardelle and Summerfield (2011) with regard to
correct RTs and error rates. The matching of the two conditions of medium
difficulty — high mean, high variance and low mean, low variance will be tested
thereafter, both with regard to an efficiency measure and parameters from a
diffusion model. The contribution of the different coloured elements to the
final decision will then be discussed.

Stimulus mean had a significant effect on both correct RTs, F(1, 19) =
79.3, p < 0.001, 77]% = 0.81, and error rates, F'(1, 19) = 203.7, p < 0.001, nﬁ =
0.92, with a higher mean leading to faster RTs and lower error rates. Stim-
ulus variance also had a reliable effect on correct RTs, F((1, 19) = 72.5, p <
0.001, nﬁ = 0.79, and error rates, F'(1, 19) = 92.8, p < 0.001, 77§ = 0.83, with
lower stimulus variance leading to faster RTs and lower error rates. These
results replicate the findings reported by De Gardelle and Summerfield (2011).
There was no interaction between the two factor for correct RTs, F' < 1, but
there was for error rates, F'(1, 19) = 11.9, p < 0.01, 772 = 0.37. These ef-
fects are presented in the left (correct RTs) and right (error rates) panel of

Figure 82.
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Furthermore, matching of the medium conditions was successful, using
a staircase based on efficiency, with 722 ms for the low mean, low variance
condition and 735 ms for the high mean, high variance condition, ¢ < 1. This
interpretation was supported by a Bayes factor of BFnyr, = 3.18. However, a
slight speed-accuracy tradeoff was observed, that is the low mean, low variance
condition triggered 31 ms faster correct RTs, ¢(19) = 3.9, p = 0.001, whereas
the high mean, high variance condition had 3.0% lower error rates, t(19) =

2.2, p = 0.04. This apparent speed-accuracy trade-off will be further analysed

below.
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Figure 82: Mean response times (RTs) for the four difficulty conditions; correct
trials only. Mean error rates for the four difficulty conditions; ms: millisecond.

Another measure that combines response speed and accuracy was taken
into account to establish further evidence that the medium conditions were
matched for performance. Such a measure is the drift rate, v, in a diffusion
model. There was a reliable main effect of both stimulus mean, F/(1, 19) =
96.4, p < 0.001, 17127 = 0.84, and stimulus variance, F(1, 19) = 80.1, p <
0.001, 7]5 = 0.81, on drift rate. These factors also showed an interaction,

F(1, 19) = 11.6, p < 0.01, n; = 0.38. Importantly, drift rate did not differ
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between the two medium conditions, Mpighnigh = —0.32, Migpiow = —0.33,
t < 1, the performance, that is the rate of evidence accumulation was therefore
matched in these conditions. The hypothesis that these two conditions are
equal was in fact supported by a Bayes Factor of BF = 2.88. We can therefore
assume that the differences in RTs and error rates reported above was caused
by a difference in strategy, with participants being slightly more cautious in the
high mean, high variance condition as compared to the low mean, low variance
condition. This was indeed reflected in a significant difference in boundary
separation, a, between these two conditions, Mpighnigh = 0.15, Miowiew = 0.14,
t(19) = 3.9, p < 0.001. Moreover, there was a reliable effect of stimulus mean,
F(1, 19) = 8.5, p < 0.01, 775 = 0.31, and stimulus variance, F(1, 19) =
7.4, p = 0.01, 772 = 0.28, on boundary separation, and again an interaction
between the two factors, F'(1, 19) = 8.8, p < 0.01, 775 =0.32.

Taken together, the here reported effects suggest that evidence strength
(mean colour) and evidence reliability (colour variability) have an effect on
both correct RTs and error rates, thereby replicating the findings reported by
De Gardelle and Summerfield (2011). Moreover, the medium conditions were
found to be matched for task difficulty, albeit with apparent differences in

speed-accuracy trade-off.

Contribution of each element to the colour decision. The next analysis
focused on the impact each element had on the final colour decision. De
Gardelle and Summerfield (2011) have previously shown that participants tend
to ignore the most extremely coloured parts of the stimulus array (i.e., the
most clearly red and clearly blue elements) when variability is high. Such
down-weighting of outliers could be considered a good strategy as it artificially

reduces the variability of the colours in the stimulus array. 1 therefore test
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whether such an effect was replicated in my dataset, and later I test whether the
extent to which participants chose such a down-weighting strategy correlated
with the effect variability had on confidence. The eight coloured elements of
the stimulus were therefore sorted according to their colour value, with clear
red and blue elements at the extremes. A logistic regression was then fitted
to estimate the decision weight for each element, which were then averaged
for both outlying (positions 1, 2, 7, and 8; clearly red or blue stimuli) and
inlying elements (positions 3 to 6). The weights of the coloured elements were
normalised by dividing them by their root mean square (RMS), to minimise
the influence unreliable estimates for individual participants.

These normalised regression weights are presented in Figure 83. De
Gardelle and Summerfield (2011) previously found that these “weighting func-
tions” revealed that inlying elements contributed more towards the final de-
cision for the high variance conditions. This was also the case in the present
experiment: Stimulus variance and position interacted reliably, F(1, 19) =
12.1, p < 0.01, 1712) = 0.39, whereas there was no such interaction for stim-
ulus mean and position, F© < 1. There was also a reliable main effect of
stimulus mean, F(1, 19) = 17.9, p < 0.001, 7} = 0.48, with relatively more
influence of each element in a low mean compared to a high mean condi-
tion. The main effect of stimulus variance was also significant, F'(1, 19) =
119.2, p < 0.001, 775 = 0.86, caused by a high relative influence of ele-
ments in the high variance conditions. Finally, position also showed a reliable
main effect with more influence of inlying, compared to outlying elements,
F(1, 19) = 85, p < 0.01, 72 = 0.31. Both the main effects of stimulus vari-
ance and position were presumably driven by the above mentioned interac-
tion. There was neither a reliable interaction of stimulus mean and variance,

F(1, 19) = 1.9, p = 0.18, 772 = 0.09, nor a reliable three-way interaction,
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F(1, 19) = 2.7, p = 0.12, nf, = 0.13. To briefly summarise these findings
— when variance was low, participants took all elements into account roughly
equally when making their decision. When variance was high, however, they
were found to down-weight the elements of the most extreme colours (very red
and very blue elements), therefore taking the inlying elements (more purple
elements) into account more than the outlying ones (more extreme elements).
In Section 5.1.2.2, these effects will furthermore be analysed, asking how con-

fidence relates to processing selectivity in the primary task.

Normalised
Weights
0.61
0.4-
0.21 easy (high mean, low var)
medium (high mean, high var)
—o— medium (low mean, low var)
04 ¥ difficult (low mean, high var)

outlying inlying inlying outlying

Figure 83: Contribution of coloured shapes to a final decision, sorted by their
colour value and aggregated over inlying and outlying position; regression
weights were divided by their root mean square (RMS). The values are mirrored
so that the figure can be interpreted more intuitively. No error bars are shown
because they are somewhat overlapping and hinder interpretation of the figure;
var: variance.

274



Chapter 5

5.1.2.2 Confidence judgements

Confidence resolution. Given that stimulus mean and variance affected
decisions as predicted, it was of crucial interest how stimulus mean and variance
affected confidence responses. This analysis therefore aims to test the overall
stability of people’s confidence judgements in the colour-judgement task. Given
this, I can then look at how mean and variance affected confidence. There
was a monotonic decrease in error rates with level of confidence, with the
highest error rates for trials reported as certainly wrong, M = 88.9%, and
the lowest error rate for the trials reported as certainly correct, M = 3.0%.
Across participants, confidence varied with accuracy, as expressed in Spearman
rank correlations, which were found to be significantly different from zero,
rs >= —0.94, ps <= 0.01, except for one participant, r = —0.21, ps <= 0.74,
who did not have enough trials in the two lowest categories of the confidence

scale to obtain a stable correlation estimate.

Average confidence. Mean levels of confidence for each of the four condi-
tions, separately for correct and error trials, are presented in Figure 84. First,
there was a reliable effect of accuracy, with more confident responses for cor-
rect, compared to error trials, F/(1, 19) = 153.0, p < 0.001, 12 = 0.89. This
replicates the good resolution of confidence for this task, as established in the
previous analysis. Second, the pattern found here matches what would have
been expected judging from the previously reported findings regarding the re-
lationship between difficulty and confidence: Participants were more confident,
and better able to distinguish their correct and incorrect responses, when the
task was easy than when it was hard. This was expressed in the fact that both
stimulus mean and variance had a significant effect on confidence, as revealed

by a repeated-measures ANOVA on mean confidence values: The higher the
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mean colour of a stimulus array, the higher the confidence reported by parti-
cipants, F'(1, 19) = 22.1, p < 0.001, 72 = 0.54. The higher the variability of a
stimulus, however, the lower the confidence rating that followed the response to
this stimulus, F'(1, 19) = 5.6, p = 0.03, 772 = 0.23. These two factors did inter-
act marginally, F'(1, 19) = 4.3, p = 0.05, 7712) = 0.19. Moreover, accuracy inter-
acted reliably with both stimulus mean, F'(1, 19) = 80.2, p < 0.001, 775 = 0.81,
and stimulus variance, F'(1, 19) = 35.1, p < 0.001, nz = 0.65. As previously
stated, these effects were caused by the fact that people were more accur-
ate in the easier conditions (high mean or low variance) for corrects and less
confident for error trials, which reflects better metacognitive insight for easier
conditions. There was no reliable three-way interaction, F'(1, 19) = 2.4, p =
0.14, 772% =0.11.

One key analysis in this context investigates whether stimulus mean
and variance have equivalent effects on confidence. It was therefore tested
whether confidence differed in the two medium conditions that were matched
for overall difficulty: According to my hypothesis, high variability should de-
crease confidence. Consistent with this prediction, participants were reliably
less confident in the high mean, high variability condition than the low mean,
low variability condition, both for correct, t(19) = 4.0, p < 0.001, and error
trials, ¢(19) = 3.0, p < 0.01. However, it is crucial to test whether this dif-
ference in confidence could have been caused by insufficient matching in the
first-order performance. But participants were less confident in the high mean,
high variance condition despite being slightly more accurate. The difference
in confidence did therefore not follow from the slight difference in accuracy.

One could, however, argue that the difference in confidence between
the two medium conditions reflected participants’ use of the time heuristic:

Participants were slightly slower in the high mean, high variance condition,
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Figure 84: Confidence for correct and error trials separately.

which — according to the time heuristic — should translate into lower levels of
confidence. There are, however, two arguments that speak against such an
interpretation. First, if only error trials are analysed, the effect remains the
same yet those error trials do not show an RT difference, t < 1, BF Ny =
3.71. Second, we see the same effect in confidence in a median-split analysis for
a group of 10 participants that showed no difference in correct RTs between
the medium conditions, #(9) = 1.1, p = 0.30, BFyyrr = 2.00. Despite
not showing a difference in RTs (but in error rates, see below), there was a
significant difference in confidence for both correct, ¢(9) = 2.5, p = 0.03 (more
confident in the low mean, low variance condition), and error trials, ¢(9) =
2.8, p = 0.02 (again, more confident in the low mean, low variance condition).
For this median-split group, error rates in the two medium conditions were
reliably different, £(9) = 2.9, p = 0.02, but notably, participants were less
accurate in the low mean, low variance condition, Myew = 10.7% versus
Mpighnigh = 15.4%. The full factorial analysis of both median-split groups is
presented in Appendices B.1 and B.2.

Taken together, stimulus mean and variance both had a reliable effect
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on average levels of confidence. Critically, for the two conditions matched
for first-order task performance, confidence was reduced for the high variance
condition. Whether this reflects that stimulus variance affected confidence
above and beyond its effect on first-order performance will be tested in the

following section.

Comparing the influence of stimulus mean and variance on confi-
dence. The previous analyses suggest that unreliable evidence leads to lower
confidence, and that this effect is present despite matching two conditions with
regard to their difficulty and therefore task performance. The question arises
whether this suggests that stimulus variance had a more substantial impact on
participants’ confidence judgements as opposed to the stimulus mean factor.
To test this question, several regression models were fitted to each participants’
data and then compared. Each of these models was fitted to eight data points,
that is the four conditions crossed with the two colours. Figure 85 presents the
results from this model-comparison approach. Several cues will be considered
as predictors for these models. The first of these is accuracy — a critical factor
given that confidence is expressed as a subjective estimate of accuracy. An-
other cue to confidence was RT, given the above-discussed relationship between
response speed and decision confidence. Mean and variance of the stimulus will
form the other two predictors that will be considered here. Of these predictors,
accuracy, stimulus mean, and stimulus variance are direct-access cues to con-
fidence, the latter two reflecting evidence quality. If participants based their
decision confidence on RT, on the other hand, this would constitute a case of
an heuristics-based cue, given that RTs are composed of more than just the
time it takes participants to decide (Ratcliff, 1979).

The null model is presented on the left of each of the three panels
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Figure 85: A) Signed t-values for the different models to predict confidence;
model parameters above or below the dashed, horizontal lines are signific-
antly different from zero. The horizontal lines highlight the critical ¢-values.
B) Mean R? and C) Mean BICs for these models.
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of Figure 85. This model is the normative model because it assumes that
confidence is only influenced by how accurate the participant actually was.
The regression weights for each participant were tested against zero using a
one-sample t-test. They were found to be reliably different from zero, ¢(19) =
7.030, p < 0.001, also reflected in the fact that they cross the dashed grey,
horizontal line in the upper panel of Figure 85. This panel presents the signed
t-values. In this case, the value was positive, meaning that the more accurate a
participant was, the more confident he or she would be. The explained variance
of the model, as expressed in R?, is shown in the middle panel, R? = 0.72. R?
cannot be used, however, to compare different models, because this parameter
does not take into account the number of degrees of freedom, thereby testing
whether the additional parameter’s cost was worth the increase in explained
variance. The lowest panel therefore shows the Bayesian Information Criterion
(BIC) for this model, BIC = —1.35, which will subsequently be compared to
more complex models.

As already discussed above, there was at least a mild correlation be-
tween reported level of confidence and RT. Model 1 therefore includes RT as
a second predictor. The regression weights for accuracy were again reliably
different from zero, t(19) = 4.6, p < 0.001. The influence of RT was also
significant, ¢(19) = 5.5, p < 0.001 — the slower the RT, the less confident the
participants were. The R? was higher compared to the null model, R? = 0.82,
while the BIC was now -4.89. Adding RT as an additional regressor in model
1 resulted in a significant decrease in BIC, ¢(19) = 3.0, p < 0.01.

Do changes in stimulus mean explain the confidence data over and
above basic performance measures? This question was tested with model 2a.
Critically, only the already-reported influences of accuracy, ¢(19) = 3.8, p =
0.001, and RT, ¢(19) = 4.3, p < 0.001, were found to be reliable, while the
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participants’ regression weights for stimulus mean were not reliably different
from zero, t(19) = 1.7, p = 0.11. The model still explained a slightly larger
amount of variance, R? = 0.87, but the decrease in BIC values to -5.31 was not
large enough to be reliably different if compared to model 1, ¢ < 1. Though
it has to be noted that a non-significant result should be interpreted as the
fact that the newly added parameter explains enough variance without hurting
the overall explanatory value of the entire model and that the two compared
models cannot be distinguished with regard to their goodness of fit.

The same question was then asked for stimulus variance, as shown
in model 2b. Importantly, for this model, all three predictors were reliably
different from zero, ts >= 2.7, ps <= 0.01. The R? for this model was
0.90, and the BIC was -8.98. The decrement in BIC from the model with
just accuracy and RT (model 1) to the model including also stimulus variance
(model 2b) was indeed reliable, ¢(19) = 3.2, p < 0.01, suggesting that stimulus
variance explains between-condition differences in confidence over and above
basic performance measures, consistent with the hypothesis.

Finally a model was fitted that included all four predictors (model 3).
Only accuracy, t(19) < 3.0, p < 0.01 and stimulus variance, t(19) = 4.1, p <
0.001 were reliable predictors, but not stimulus mean, ¢(19) = 1.0, p = 0.31,
and also no longer RT, ¢ < 1. This model explained more variance in ab-
solute terms, R? = 0.95. This increment in explained variance was ‘worth’
the additional parameter. The average BIC was -11.54 for this model, reli-
ably different only to the model without stimulus variance (model 2a), t(19) =
4.6, p < 0.001, but only marginally significant for the model already includ-
ing stimulus variance as a predictor (model 2b), ¢(19) = 2.1, p = 0.05. This
finding speaks again for the interpretation that stimulus variance contributes

to confidence over and above the general effect of first-order performance.
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Taken together, these analyses show that evidence mean and evidence
reliability, both affect first-order difficulty and through that also confidence.
This replicates what has already been shown in the previous sections. Crit-
ically though, only evidence reliability showed an effect on subjectively-rated
confidence, and this effect existed over and above the effects reliability had on

first-order performance.

SDT model fits. While the previous analyses suggested that evidence reli-
ability directly affects confidence judgements, it is not entirely clear how ex-
actly this influence operated. One possibility is that stimulus variability, but
not stimulus strength, has an effect on how well people discriminate between
their own correct and error responses. The other possibility is that evidence
reliability has a larger effect on metacognitive bias, if compared to evidence
strength. These two hypotheses will be tested using an SDT approach.
Figure 86 presents SDT measures for the four difficulty conditions.
The left panel presents metacognitive efficiency, that is how accurate parti-
cipants were in distinguishing between correct and error trials while taking
first-order performance into account. More precisely, metacognitive efficiency
is the ratio of first- and second-order sensitivity (not shown in Figure 86). A
first set of analyses was therefore focused on these sensitivity measures: Both
stimulus mean and variance had a significant influence on metacognitive sens-
itivity — the higher the mean of the stimulus, the better participants were
at discriminating their own correct from their error responses, F'(1, 19) =
48.4, p < 0.001, 7712, = 0.72, whereas the opposite effect held for stimulus vari-
ance, F(1, 19) = 34.3, p < 0.001, 772 = 0.64. These two factors did not
significantly interact, F' < 1. There was no significant difference between the

two medium conditions, ¢ < 1, BFnyrr, = 3.58. The question arises as to
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whether the main effects on metacognitive sensitivity were caused by first-
order performance. With regard to first-order sensitivity, there was again a
reliable effect of stimulus mean, F(1, 19) = 140.0, p < 0.001, 77;2) = 0.88, and
stimulus variance, F(1, 19) = 96.9, p < 0.001, 772 = 0.84, but no interac-
tion, F'(1, 19) = 1.0, p = 0.32, 77]3 = 0.05. Finally, first- and second-order
sensitivity can then be combined to form metacognitive efficiency. For this
parameter, however, there was no reliable influence of neither stimulus mean
nor variance, F's < 1, nor was there an interaction between the two factors,
F(1, 19) = 1.9, p = 0.19, 72 = 0.09. The two medium conditions were
matched, t < 1, BFypyrp = 4.16, suggesting that participants were equally
good at detecting their own errors in those performance-matched conditions.
Taken together, these results suggest that neither stimulus mean nor variance
have an influence on how well participants distinguished between correct and

error responses over and above the effect of these factors on the colour decision

itself.
Metacognitive Efficiency Metacognitive Bias
log(Mratio) 1 Broc 1
1.5 1
0.1
1.0 1
0.0 1
0.5 1 Mean
— low
0.1 0.0 high
low variance high variance low variance high variance

Figure 86: Type-II SDT parameters as a function of difficulty condition. The
left panel presents metacognitive efficiency (log(M-ratio)); the right panel
metacognitive bias (Broc)-
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The second analysis focused on metacognitive bias, that is the over-
all tendency to classify responses as correct or incorrect independent of their
actual accuracy. If participants rate their responses more likely to be correct
than they are objectively, they are overconfident. If, however, they rate them
as less likely to be correct than they are, then they are underconfident. In
this context, a hard-easy effect has often been observed, that is participants
tend to be overconfident in the more difficult condition and well calibrated or
underconfident in the easy conditions. The question arises as to how stimulus
mean and variance affect such metacognitive bias. The right panel of Figure 86
shows the metacognitive bias for the four conditions. Only stimulus mean had
a significant effect on metacognitive bias, Broc: Participants tended to rate
confidence as higher when the stimulus mean was low, regardless of objective
accuracy, F'(1, 19) = 26.7, p < 0.001, ng = 0.58, consistent with the hard-
easy effect. Surprisingly, however, given the pervasiveness of the hard-easy
effect, stimulus variability showed no such effect on metacognitive bias, F' < 1.
The two factors also did not interact significantly, /' < 1. The results from
this analysis were further supported by the fact that there was most evidence
in favour of a Bayesian model with just the main effect of stimulus mean,
BF = 125.56. The two medium conditions were found to be significantly
different, #(19) = 4.2, p < 0.001.

Taken together, these findings suggest that there was a hard-easy effect
only for stimulus mean. In other words, participants were more overconfident
in their low mean responses, compared to their confidence judgements follow-
ing high mean trials. This could be interpreted as evidence that people fail
to scale their confidence appropriately to the difficulty of the task if this dif-
ficulty is caused by changes in stimulus mean. For stimulus variance, on the

other hand, there was no such effect, and participants’ confidence responses
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followed objective accuracy, correctly taking into account the changes in dif-
ficulty caused by changes in stimulus variance. These findings support the
hypothesis that evidence reliability can be more directly translated into con-
fidence, given its direct relationship to the inherent uncertainty of a mental

representation.

Individual difference in the influence of stimulus variance on meta-
cognitive processing. In the previous section, I have shown evidence in
support of the hypothesis that stimulus reliability has an effect on confidence.
An interesting question is whether there are systematic individual differences
with regard to this effect. For example, regarding my evidence reliability hy-
pothesis, some participants may be more accurate than others in translating
the inherent spread of an internal representation into a subjective rating of
confidence. Participants who show more sensitivity to changes in evidence
reliability are presumably also more likely to react to high variability stimuli
by adopting the previously discussed selective sampling strategy, as analysed
above in Section 5.1.2.1: When colour variance is high, participants have been
observed to down-weight the influence of the most extremely coloured elements
(‘clearly red’ or ‘clearly blue’ elements).

I therefore tested whether there is a correlation between the extent
to which participants down-weight outliers and the extent to which they ad-
just their confidence in response to evidence reliability as opposed to evidence
mean. Such a correlation would support the interpretation that participants
who score high on both measures are more sensitive to evidence reliability
both in first- and in second-order processing. Figure 87 presents a correlation
between the degree to which participants selectively processed a subset of the

eight items present in the stimulus display and the overconfidence effect. All
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data points show the difference between the two medium conditions. Consist-
ent with the hypothesis, this analysis showed that participants who accounted
for the influence of stimulus variance on confidence more than for the influ-
ence of stimulus mean (as reflected in a difference in metacognitive bias) also
sampled information more selectively in the high variance condition. This re-
lationship was not significant, though, » = 0.37, p = 0.11. However, if outliers
— highlighted in Figure 87 as crosses — were excluded, this relationship was re-
liable, » = 0.48, p = 0.04. Outliers were identified using a Grubbs test for two
opposite outliers (Grubbs, 1950), G = 4.5, U = 0.4, p = 0.04, testing against
the hypothesis that the two most extreme bias effects are outliers. This test
identified only the two most extreme points (highlighted as crosses in Figure
87) as outliers for the bias effects, there were no outliers for the down-weighting
effects.

Taken together, these findings provide tentative support that the over-
confidence effect in the two performance-matched conditions correlated with
the effect of down-weighting the most extreme elements of the colour stimulus,
suggesting that some participants are more prone to the influence of stimulus

variance on performance — both on first- and on second-order processing.

5.1.3 Discussion

The present experiment asked whether multiple cues contribute to the gener-
ation of confidence judgements. Recent findings suggest that both evidence
strength and evidence reliability affect first-order performance (De Gardelle &
Summerfield, 2011). The question here was whether these variables show sim-
ilar effects on second-order performance, specifically assessing the prediction
that lower evidence reliability should make participants less confident. Replic-

ating De Gardelle and Summerfield (2011), task performance was worse when
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Figure 87: Scatter plot of the difference in metacognitive bias for the medium-
difficulty conditions against the difference in down-weighting for these condi-
tions; each symbol represents data from one participant. For the bias effect,
but not the down-weighting effect, two outliers were identified, highlighted as
crosses. The regression line for all participants is shown in dark grey. The light
grey line resulted from the same analysis after exclusion of the two outlying
participants.
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the stimulus mean was lower or when the stimulus variance was higher. Con-
fidence followed these effects, meaning that participants were less confident
when the stimulus mean was lower or when the stimulus variance was higher.
Crucially, the two performance-matched medium-difficulty conditions showed
a reliable difference in confidence, with participants being less confident in
the condition with higher stimulus variability: Evidence variance had an ef-
fect on confidence over and above basic task performance. This hypothesis
was furthermore supported with a model-comparison approach which com-
pared the explanatory value of different regression models aimed at explaining
confidence.

Critically, regression models also revealed that evidence strength of a
stimulus did not contribute to confidence in the same way as evidence reliab-
ility: Only evidence reliability but not evidence strength predicted confidence
over and above first-order performance. Indeed, this interpretation was sup-
ported by the fact that only for evidence strength was there a hard-easy effect,
meaning participants were overconfident on low mean, that is more difficult,
trials, as opposed to high variance trials, for which they successfully adjusted
their confidence. Neither stimulus variance nor mean, on the other hand, had
a reliable effect on participants’ ability to distinguish between their correct
and error responses if first order performance is taken into account.

One intriguing hypothesis is that participants underestimate the detri-
mental effect of stimulus mean on accuracy while being able to correctly adjust
their confidence judgements for the different stimulus variance conditions due
to the fact that differences in stimulus variance reflect the ‘native language’
of confidence. Confidence or uncertainty judgements could be represented in-
ternally as the reliability or spread of a mental representation. Participants

can very easily translate this reliability into decision confidence, correctly ac-
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counting for changes in difficulty due to evidence reliability. The influence of
stimulus mean, on the other hand, is much more difficult to estimate. The
experimental factor representing evidence strength (stimulus mean) is a rel-
ative factor, meaning that to say whether a stimulus has a low or high mean
requires them to judge the mean colour against an internally represented de-
cision boundary, which can be noisy too. According to this hypothesis, parti-
cipants should have a higher metacognitive bias in the low mean, low variance
compared to the high mean, high variance condition. If someone is particularly
good at accounting for the effect of stimulus variance on difficulty, then they
should also show a larger influence of stimulus variance on element weight-
ing. Evidence in support of this hypothesis was indeed found, suggesting that
enhanced sensitivity to evidence reliability shows effects both with regard to
first- and to second-order processing. In other words, participants who were
more efficient at taking into account the effect stimulus variance had on their
performance, also showed a larger effect of down-weighting outlying elements
in the colour stimulus.

Evidence reliability had an effect on decision confidence over and above
basic task performance. The question arises as to why this was not found to
be the case for evidence mean. One interpretation which has been suggested
here is that signal reliability is the ‘native language’ of confidence. Shea et al.
(2014) have recently suggested that metacognitive representations can be pro-
cessed both fast, automatically, but non-conscious (system-I metacognition)
or slow, effortful, but conscious (system-II metacognition). Such system-I
metacognitive information might, for example, be represented as “variance in
the firing rate of a population of neurons” (p. 186; Shea et al., 2014). Using
such a precision or uncertainty estimate of a respective mental representation

to calculate confidence judgements (system-II metacognition) is presumably
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straightforward, whereas taking into account the signal strength of a stimulus
requires an additional step of comparing the mean colour of a stimulus to an
internal decision boundary. It should be noted, though, that this might only
apply to categorisation tasks such as the one studied here.

A recent study by Zylberberg et al. (2014) investigated the effect of
variability of evidence on confidence but found the opposite effect to that
reported here with noisier stimuli leading participants to more confident re-
sponses. However, there is a crucial difference between the paradigm used in
that study and the paradigm used here: The conditions used in the present
study were created by sampling stimuli from a pre-specified distribution, but
rejecting those that exceeded a narrowly-defined tolerance level (cf. De Gar-
delle & Summerfield, 2011). The resulting conditions did therefore not overlap
with regard to their stimulus means and variances. In Zylberberg et al. (2014),
on the other hand, such trimming of the distributions was not performed, and
could therefore have been more difficult for participants to tell apart stimuli
from different difficulty conditions. The authors suggest that participants used
the same decision criteria for conditions with different internal noise, presum-
ably failing to adopt their criteria. One could therefore argue that due to the
factorial nature of our tasks, participants were more likely to tell conditions
apart and it was thus easier for them to adjust their criteria between trials.

Several different precursors and causes for confidence have been sugges-
ted over the years, resulting in different models of how confidence judgements
are formed. The present experiment suggests a multi-cue model of confidence
with different internal sources and signals that contribute to a final confidence
judgement (see Nelson, Gerler & Narens, 1984; Koriat & Levy-Sadot, 2001, for
a similar suggestion regarding feeling-of-knowing judgements; also see p. 71,

Dunlosky & Metcalfe, 2009, for a review of these approaches). The predictors
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that successfully predicted confidence came from both types of models that
have been suggested in the past: direct-access and heuristics-based cues. An
example for such direct access would be the influence of stimulus mean and
variance on confidence, both reflecting evidence quality. At the same time,
confidence was also inferred from RTS, in accordance with the time heuristic.
Future research will have to closely examine how much each of these cues con-
tributes to the final confidence judgement and in what role context, such as a

stress on speed or accuracy, might play in this process.

5.2 EXPERIMENT 7: Effects of serotonin on de-
cision confidence

The results of EXPERIMENT 6 indicate that decision confidence is influenced
by different cues, such as RTs, as well as properties of the stimulus that affect
task difficulty. The question arises as to what influences the contribution of
each of these cues, thereby influencing metacognitive efficiency and bias both
in different situations and across different participant groups. One clinical
group that has shown interesting effects on confidence are patients with de-
pression. The “depressive realism hypothesis” (Moore & Fresco, 2012) states
that people with depression are more likely to be correct in judgements re-
garding for example contingencies between stimuli and responses, as well as
judging their own performance. According to this view, participants with de-
pression are less confident because they do not suffer from cognitive distortions
such as overconfidence, due to an illusion of control, or neglecting a base rate.
Others (Hancock, 1996; Fu, Koutstaal, Fu, Poon & Cleare, 2005; Szu-Ting
Fu, Koutstaal, Poon & Cleare, 2012; see also Dunlosky & Metcalfe, 2009, for

a review of these findings) have suggested that patients with depression are
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less confident because of a tendency towards judging things more negatively,
the “selective processing hypothesis”. This view was supported by the finding
that in situations where controls show good metacognitive calibration or are
even underconfident, patients with depression are even more underconfident.
Such an effect was shown both for overall performance estimates (Fu et al.,
2005), as well as for trial-by-trial confidence judgements (Szu-Ting Fu et al.,
2012). Moreover, participants with depression seem to exhibit underconfidence
mainly in their correct responses (Hancock, 1996; Wood, Moffoot & O’Carroll,
1998).

Interestingly, however, the finding that participants with depression
have a tendency to rate responses as low confident has not always been ob-
served. In fact, Dunning and Story (1991) have shown the exact opposite:
They let participants make judgements about future events and express their
confidence about those judgements. Both students who suffered from sub-
clinical or mild depression, as well as students who rated themselves as not
depressed were overconfident in this task, rating their future predictions as
more accurate as they really were. The degree to which they were overcon-
fident, however, was stronger for the group with depression. This finding was
therefore the exact opposite to the one reported above, suggesting that in-
dividuals who were depressed display differences in metacognitive processing,
but the direction of these effects is by no means clearly established.

The present study tested how precisely metacognitive processing is
affected by serotonin. Serotonin, or 5-hydroxytryptamine (5-HT) is a neuro-
transmitter which has repeatedly been linked to negative mood and depression
(Asberg, Thoren, Traskman, Bertilsson & Ringberger, 2003). Indeed, anti-
depressants such as selective serotonin reuptake inhibitors (SSRIs) focus on

inhibiting absorption of serotonin, thereby increasing the levels of serotonin
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available in the brain. Studies investigating this relationship of serotonin and
cognitive processing have typically used a methodology known as acute trypto-
phan depletion (ATD). L-Tryptophan — here only referred to as tryptophan —
is an essential amino acid that humans obtain through their regular diet and
that is subsequently synthesised into serotonin. ATD makes use of this process
by asking participants to observe a special low-protein diet prior to an exper-
iment. This diet prevents participants from obtaining this crucial precursor
to serotonin, leading to a decrease in serotonin in the brain similar to that
observed in participants with depression (Young et al., 1985). ATD therefore
mimics clinical depression in healthy individuals. For example, tryptophan-
depleted participants often rate their mood lower compared to controls (Young
et al., 1985). However, it has been argued that this effect is not as stable as
initially thought and that it depends on other variables, such as gender and
genetic predispositions for mood disorders (Young & Leyton, 2002). In healthy
participants, these effects of lowered mood are usually found in the subclinical
range (Young & Leyton, 2002). Moreover, the effects of this method are re-
versible, meaning that once participants consume food containing tryptophan,
neurotransmitters revert back to their normal levels (Young, 2013).

The present experiment used ATD as a method to transiently decrease
serotonin levels in the brain. Apart from trying to replicate findings from
EXPERIMENT 6, the key question then becomes whether the contribution of
different cues to confidence, such as signal strength and signal reliability, was
altered in tryptophan-depleted individuals, which would explain how precisely
the above-described effects of over- and underconfidence are caused.

The first set of analyses focused on the effect of ignoring outliers as
occurring in highly variable stimulus arrays. It has previously been shown

that ATD increases people’s ability to attend to relevant information while
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ignoring outliers (Ahveninen et al., 2002; Schmitt et al., 2000). One could
therefore expect the tryptophan-depleted group to be less influenced by the
effect of stimulus variance on RTs and error rates.

The second set of analyses focused on confidence judgements. First, I
tested whether the above-described effects of confidence could be replicated, in
particular with regard to the finding that evidence reliability drives confidence
judgements over and above its effect on basic task performance. However, given
that I expect the tryptophan-depleted group to be affected less by evidence
reliability in their first-order performance, I should expect them to also show
a less pronounced effect of reliability on confidence.

I furthermore predicted that mean and variance of the stimulus would
have no effect on metacognitive efficiency, but that stimulus mean would cause
changes in metacognitive bias as observed in EXPERIMENT 6, meaning that
participants display a tendency to be overconfident in the low mean condition.
When comparing the groups, I test whether tryptophan-depleted participants
display an effect of underconfidence when compared to the group whose trypto-
phan levels were set back to normal levels after an amino acid drink containing
tryptophan. As described above, effects in both directions have been found,
which both speak against the hypothesis that tryptophan-depleted people are
better calibrated than controls. Both over- and underconfidence affect the
bias parameter in an SDT framework. I should therefore expect to find the
two groups to differ with regard to their metacognitive bias, but not their

metacognitive efficiency.
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5.2.1 Methods

5.2.1.1 Participants

The sample comprised 53 participants in total, 27 of whom were female. Five
participants had to be excluded due to technical problems. Two further parti-
cipants were excluded prior to the data analysis because their performance was
almost at chance (45.1% and 46.5% errors) and an apparently random use of
the confidence scale (average confidence difference between errors and corrects
was close to zero on an arbitrary scale from -6 to 6; 0.28 and -0.37). This res-
ulted in a final sample of 46 participants, of whom 23 were female and 6 were
left-handed. The participants’ ages ranged from 18 to 43 years (M = 24.2)
and all people had self-reported normal or corrected-to-normal vision. All par-
ticipants gave informed consent and all procedures were approved by the local

ethics committee.

5.2.1.2 Acute tryptophan depletion (ATD) and testing

procedures

In an initial session prior to the study, participants were screened for mood
and addictive disorders, as well as physical or psychiatric illnesses prior to the
study using a semi-structured interview from the Structured Clinical Interview
for DSM-IV-TR Axis I Disorders (First, Spitzer, Gibbon & Williams, 2002).
This interview was conducted by a trained psychiatrist or psychologist. In the
same session, participants also completed questionnaires of cognitive ability
(Raven’s Standard Progressive Matrices Sets A, B, C, D, & E; Raven, 1996)
and impulsivity (Barratt Impulsiveness Scale; Patton, Stanford & Barratt,

1995). Participants also completed questionnaires of state affect using the
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Positive and Negative Affect Schedule (PANAS; Watson, Clark & Tellegen,
1988) as a baseline measure.

Participants were asked to follow a low-protein diet: They were allowed
a maximum of 20 g of protein the day before the study. Upon arrival in the lab
at 8.00 am on the day of the study, measures of state affect were again taken.
Blood samples of 6 ml were taken from each participant to measure the plasma
tryptophan at baseline. Over a period of approximately 30 to 40 minutes,
participants then consumed an amino-acid drink: Twenty-four participants
were administered an amino-acid drink containing tryptophan (T+ group),
the other 22 participants received an amino-acid drink without tryptophan
(T- group). The precise composition of the amino-acid drinks for male and
female participants, respectively, was: L-alanine (5.5 g; 4.58 g), L-arganine
(4.9 g; 4.08 g), L-cystine (2.7 g; 2.25 g), glycine (3.2 g; 2.67 g), L-isoleucine
(8.0 g; 6.67 g), L-leucine (13.5 g; 11.25 g), L-lysine monohydrochloride (11.0 g;
9.17 g), L-methionine (3.0 g; 2.5 g), histidine (3.2 g; 2.67 g); L-phenylalinine
(5.7 g; 4.75 g), L-proline (12.2 g; 10.17 g), L-serine (6.9 g; 5.75 g), L-threonine
(6.5 g; 5.42 g), L-tyrosine (6.9 g; 5.75 g), L-valine (8.9 g; 7.42 g). For the
T+ group, the drink furthermore contained L-tryptophan (2.3 g; 1.92 g). The
taste of the drink was masked with 5 g (15 calories; 1.3 g carbohydrates) of
citric (or malic) acid (cherry-and-vanilla or grapefruit) and artificial sweetener.
Participants reported transient nausea as a side effect.

Participants then occupied themselves with reading or watching televi-
sion. At lunchtime, they were given a low-protein lunch (2 g of proteins). Five
hours after administration of the amino-acid drink, another blood sample was
taken to measure the reduction in plasma tryptophan. Follow-up measures
of state affect were also collected. Participants then completed the percep-

tual decision-making task described in the following section as part of a larger
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battery of tests. Participants were discharged at around 5:00 pm. They were
remunerated for their participation in the study (approximate £120, depending
on wins and losses in another task).

All testing was carried out double-blind and placebo-controlled. This
meant that the experimenter who interacted with participants during the day
was not aware of their assignment to one of the two intervention groups. I was
unblinded and therefore not involved in data collection, except for providing

the experimental software with which participants were being tested.

5.2.1.3 Decision task

The present experiment was very similar to EXPERIMENT 6. I therefore only
report where it differed from the methods already described in Section 5.1.1.2.
Participants first practised the colour task (one block of 64 trials) and then
the confidence judgements (another block 64 trials). The main experiment
consisted of four blocks, of which 16 trials with auditory feedback were followed
by 64 trials without feedback and instead with confidence judgements.

As opposed to the previous experiment, colour levels were fixed in
this study. Due to time constraints on the days of the study, the experiment
had to be short and could therefore not include a staircase to set the level
of difficulty to provide perfect matching. I therefore took the average values
for the low mean condition that resulted from the adaptive procedure used in

EXPERIMENT 6.

5.2.2 Results

The first set of analyses focused on the question of whether the two groups

(after excluding outliers as discussed above) differed with regard to variables

297



Chapter 5

such as age or intelligence. If the two groups turned out not to be matched,
this would lead to difficulties in the interpretation of any possible effects given
that those would not necessarily have been caused by ATD but instead by the
confounding variable.

First, the two samples were perfectly matched for gender: There were
12 men and 12 women in the T+ group and 11 men and 11 women in the T-
group. Participants were slightly younger in the T+ group, Mr, = 23.3, com-
pared to the T- group, My_ = 25.2. However, this difference was not reliable,
t(37.9) = 1.2, p=0.25, BFyyrr = 1.94. Participants were also matched with
regard to their intellectual abilities as expressed in their score in the Raven’s
matrices, Mr, = 55.0, My_ = 53.9, t(42.3) = 1.1, p = 0.27, BFyyrr = 2.04.
The T+ group showed numerically slightly higher scores on the impulsivity
scale, My, = 56.9, compared to the T- group, My_ = 53.1. However, this
difference was not reliable, ¢(36.6) = 1.6, p = 0.11, BFyyr; = 1.15.

Moreover, I compared the two groups with regard to their plasma
tryptophan levels in the morning as well as 5 hours after administration of the
amino-acid drink. Plasma tryptophan should be reduced in the T- group but
increased in the T+ group. Those different patterns in plasma tryptophan were
reflected in a reliable interaction between time at which the blood sample was
taken and group, F'(1, 37) = 82.3, p < 0.001, ?72 = 0.69, as data from both
groups and time points were submitted to a mixed-model ANOVA. The pattern
was found in the hypothesised direction with total plasma tryptophan reliably
reduced in the T- group over time, My_; = 51.6ug/ml versus Myp_ ;0 =
19.6ug/ml, t(18) = 6.0, p < 0.001, but increased in the T+ group, Mr; 4 =
49.4p19/ml versus Mrp_ 49 = 96.2ug/ml, t(19) = 6.9, p < 0.001. This mixed-
model ANOVA furthermore revealed a reliable difference in plasma tryptophan

between groups, F'(1, 37) = 62.1, p < 0.001, 7712, = 0.63, as well as a marginally
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significant effect of the time at which the measurement was taken, F'(1, 37) =
3.5, p=10.07, 7712, = 0.09. For the analysis of plasma tryptophan, three baseline
blood samples (1 T+, 2 T-), three afternoon samples (2 T+, 1 T-) and one pair
of both baseline and afternoon samples (T+) were unavailable. All values are
furthermore presented in Table 1, together with standard errors of the mean.
Table 1: Demographic data (mean and standard error of the mean) of par-

ticipants who consumed an amino-acid drink with (T+) and without (T-)
tryptophan (TRP) in the morning and 5 hours later.

Group T+ T-
Male/Female 12/12 11/11
Age (years) 23.3+£09 252413
Raven’s matrices 55.0£0.7 53.9%+0.8
Impulsivity score 56.9+1.9 5H3.1£1.3

Plasma total TRP at Oh (pug/ml) 49.4+19 51.6+2.2
Plasma total TRP at bh (ug/ml) 96.2+6.7 19.6 £4.0

I furthermore tested whether ATD affected participants’ mood ratings
as measured with the positive and negative PANAS scales (which were unavail-
able for one T+ participant). First, ratings made on the negative scale were
compared for the three time points at which they were measured (baseline,
morning, and afternoon) as well as the two groups. The two groups did not
show any difference overall, F' < 1, but there was a reliable effect of time,
F(1.6, 67.1) = 3.6, p = 0.04, 7]12) = 0.08, with participants’ negative mood
ratings highest at baseline, M;y = 12.3, lowest in the morning M;; = 11.2, and
intermediate in the afternoon, M;; = 11.7. Critically, the two factors did not
show a reliable interaction, F' < 1. For the positive scale, none of the effects
were reliable, F's <= 1.7, ps >= 0.19, ngs <= 0.04. The averaged results
for the two scales, groups, and the three measurement points are furthermore
presented in Table 2.

In the following section, I test whether key effects found for EXPER-
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Table 2: PANAS ratings for negative and positive affect (mean and standard
error of the mean) of participants who consumed an amino-acid drink with
(T+) and without (T-) tryptophan at baseline, in the morning and 5 hours

later.

Group T+ T-
baseline 122+£04 125+£0.6

PANAS negative morning 11.0£0.3 11.5+£0.6
afternoon 11.4+£05 120+£0.8
baseline 280+1.7 276418

PANAS positive morning 2718+£18 277+ 1.7
afternoon 2650£18 264+1.9

IMENT 6 were replicated in the present study. I furthermore focus on the
hypotheses aimed at comparing the two groups, but only with regard to the
most robust analyses whilst avoiding tests that are likely to be underpowered

for such a between-subject comparison.

5.2.2.1 First-order performance

Basic performance measures. The effects of stimulus mean, stimulus vari-
ance, and group were tested using two mixed-design ANOVAs with correct
RTs and error rates and dependent variables, as shown in Figure 88. Sim-
ilar to the results from EXPERIMENT 6, stimulus mean had a reliable ef-
fect on both correct RTs, F(1, 44) = 13.6, p < 0.001, 17]% = 0.24, and er-
ror rates, F(1, 44) = 266.9, p < 0.001, n2 = 0.86, with faster RTs and
lower error rates for the high mean compared to the low mean condition.
The main effect of stimulus variance was also replicated for both correct
RTs, F(1, 44) = 85.9, p < 0.001, 57 = 0.66, and error rates, F'(1, 44) =
71.0, p < 0.001, 772 = 0.62. Once more, the two factors showed an interac-

tion for error rates, F(1, 44) = 6.8, p = 0.01, n7 = 0.13, but not correct

RTs, F(1, 44) = 1.1, p = 0.30, 775 = 0.02. Moreover, a comparison of
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the two groups revealed that the T- group was faster than the T+ group,
My =631 ms versus My, = 685 ms. This main effect of group was reliable,
F(1, 44) = 4.9, p = 0.03, 7712, = 0.10. Numerically, the T- group committed
more mistakes than the T+ group, Mp_ = 25.8% versus My, = 23.5%, but
this effect was not reliable, F' < 1.

Given the hypothesis that ATD causes a more focused attentional style
(Ahveninen et al., 2002; Schmitt et al., 2000), I predicted that stimulus vari-
ance would affect the T+ groups more. Indeed, consistent with this hypothesis,
the difference between the high and the low variance condition was larger for
the T+ group for both correct RTs, M, = 207 ms versus Mp_ = 97 ms,
and error rates, My, = 11.9% versus Mr_ = 5.5%, as expressed in the flatter
slopes of the T- group presented in Figure 88. These effects were statistically
significant as expressed in reliable interactions between group and stimulus
variance for both correct RTs, F'(1, 44) = 5.4, p = 0.03, ng = 0.11, and error
rates, F'(1, 44) = 9.1, p < 0.01, 772 = 0.17. There was no interaction between
group and stimulus mean, F's < 1, and also no three-way interactions, F's < 1.
These findings are consistent with the hypothesis that tryptophan-depleted
participants have a stronger tendency to ignore outlying elements in a variable

stimulus array.

Matching of the medium conditions. No staircase was used in this ex-
periment and the question therefore arises as to whether the two medium con-
ditions were still matched for performance. This was indeed the case for the T-
group if efficiency was considered, t < 1, BFnyrr, = 3.71, but not for the T+
group, t(23) = 2.2, p = 0.04, who exhibited better efficiency scores in the low
mean, low variance condition, M 100 = 860 ms, compared to the high mean,

high variance condition, Mp;gnnign = 927 ms. Moreover, in a factorial ANOVA
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Figure 88: Mean correct-trial response times (RTs) and mean error rates as a
function of condition and treatment group. T-: participants who consumed an
amino-acid drink with tryptophan; T-: participants who consumed an amino-
acid drink without tryptophan; ms: millisecond.

including all four experimental conditions, there were reliable main effects of
stimulus mean, F'(1, 44) = 133.3, p < 0.001, nf, = 0.75, and stimulus variance,
F(1, 44) =90.3, p < 0.001, 772 = 0.67, on efficiency, as well as the above re-
ported interaction of stimulus variance and group, reflecting the reduced effect
of stimulus variance for the T- group, F(1, 44) = 11.3, p < 0.01, 7}12, = 0.20.
There was also a marginally significant interaction between stimulus mean and
variance, F'(1, 44) = 2.8, p < 0.10, 7712) = 0.06. There was no main effect of
group, F(1, 44) = 1.1, p = 0.30, 775 = 0.02. There were also no further reliable
interactions, F's < 1.

However, analysing RTs and error rates separately revealed a speed-
accuracy tradeoff: For correct RTs, the two medium conditions were reliably
different for both the T+, ¢(23) = 5.6, p < 0.001, and the T- group, ¢(21) =
4.0, p < 0.001, with faster RTs for the low mean, low variance condition. For
the T- group, there was also a reliable difference in error rates, with higher

error rates for the low mean, low variance condition, ¢(21) = 2.3, p = 0.03,
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suggesting a similar speed-accuracy tradeoff as was observed in EXPERIMENT
6. Such an effect was not found for the T+ group, however, ¢ < 1.

I furthermore tested whether this matching of conditions was also evid-
ent in other measures that combine accuracy and response speed. One such
measure is drift rate in a diffusion model. There was no reliable difference
between the two medium conditions for this measure, neither for the T-,
t(22) = 14, p = 0.19, BFnyrr = 2.03, nor the T- group, ¢(21) = 1.4, p =
0.18, BFyyrr = 1.95. This contradicts the findings for the efficiency measure,
according to which there was a reliable difference for those conditions in the
T+ group.

In conclusion, analyses of first-order effects replicated the effect of
evidence strength and reliability observed in EXPERIMENT 6. Tryptophan-
depleted participants were responding faster, but were not reliably less ac-
curate. This difference in response speed is congruent with the finding that
ATD makes people respond more impulsively in a continuous performance test
(Walderhaug et al., 2002; see also Worbe, Savulich, Voon, Fernandez-Egea &
Robbins, 2014). Tryptophan depletion has furthermore been linked to a more
efficient suppression of outliers (Ahveninen et al., 2002; Schmitt et al., 2000).
Congruent with this notion, there was a reduced effect of stimulus variance for
the T- group. Moreover, the two medium conditions of this design were not
matched with a staircase, which resulted in reliable differences in performance
for these two conditions for at least some of my measures of difficulty. Com-
parison between these two conditions with regard to confidence therefore must

be treated with caution.
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5.2.2.2 Second-order performance

The next set of analyses compares the two groups with regard to their meta-
cognitive performance. Wherever applicable, I test whether the present study

replicates findings from EXPERIMENT 6.

Average confidence. Figure 89 presents mean confidence as a function of
stimulus mean, stimulus variance, objective accuracy and group. As expected,
there was a reliable main effect of accuracy with higher confidence for correct
compared to error trials, F'(1, 44) = 196.5, p < 0.001, 7]2 = 0.82. There was
also a reliable main effect of stimulus mean, F'(1, 44) = 24.6, p < 0.001, 77]% =
0.36, which was qualified by a significant interaction with objective accuracy,
F(1, 44) = 100.2, p < 0.001, 1712) = 0.69. Subjects expressed higher confidence
for the high mean condition than the low mean condition for correct trials
but showed the opposite pattern for error trials. In contrast to the previous
experiment, there was no main effect of stimulus variance, F'(1, 44) = 2.0, p =
0.16, 77;2) = 0.04. There was, however, a replication of the interaction between
stimulus variance and accuracy, F'(1, 44) = 45.2, p < 0.001, ng = 0.51, as
can also be seen in the slopes being negative for correct trials and positive for
error trials in Figure 89. Stimulus mean and variance did not reliably interact,
F(1, 44) = 2.3, p = 0.14, 7)5 = 0.05. Taken together, the findings reported
here suggest that the effects stimulus mean and variance have on confidence
are stable.

Interestingly, there was a main effect of group on mean confidence,
F(1, 44) = 4.1, p < 0.05, n; = 0.08. This reflected the fact that parti-
cipants in the T- group were more confident in both their correct responses,
My, = 4.7 versus My = 4.9, as well as their errors, M, = 3.3 versus

Myp_ = 3.6. When tested separately, however, this difference was only mar-
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ginally reliable for correct trials, ¢(43.9) = 1.7, p = 0.09, and not reliable for
errors, £(39.0) = 1.3, p = 0.19. The group factor did not interact with stimulus
mean, F'(1, 44) = 1.7, p = 0.21, nf, = 0.04, nor stimulus variance, F'(1, 44) =
1.7, p = 0.20, 77§ = 0.04, nor objective accuracy, F' < 1. There were also no in-
teractions between group, objective accuracy, and stimulus mean or variance,
Fs < 1. There was, moreover, a marginally significant interaction between
group, stimulus mean, and variance, F'(1, 44) = 2.9, p = 0.09, 7712) = 0.06, in-
dicating that there was an interaction between stimulus mean and variance for
the T+ group, F(1, 23) = 4.4, p < 0.05, T]ZQ) = 0.16, but not the T- group, F' <
1. There was furthermore a reliable interaction between stimulus mean, stim-
ulus variance, and objective accuracy, F'(1, 44) = 9.9, p < 0.01, 77;2, =0.18, as
well as a significant four-way interaction, F'(1, 44) = 5.6, p = 0.02, nz =0.11.
However, in both cases, the effects were not systematic and I will therefore not
discuss them further. Taken together, tryptophan-depleted participants were
found to be more confident compared to the T+ group.

I next compared the two medium-difficulty conditions with regard to
average confidence, although this analysis is complicated by the fact that the
two groups were not perfectly matched in primary task performance for at
least the T+ group — participants were faster in the low mean, low variance
condition. For the T+ group, there was a reliable difference in confidence on
correct trials, ¢(23) = 5.6, p < 0.001, while on error trials this difference was
only marginally significant, ¢(23) = 1.9, p = 0.07. In both cases, the high
mean, high variance condition was less confident than the low mean, low vari-
ance condition: Mpighnigh.cor = 449, Miowiow,cor = 4.79, Mpighnigh.err = 3.3,
Miowiow,err = 3.58. For the T- group, the findings were similar, with a re-
liable difference between condition only for correct, ¢(21) = 2.5, p = 0.02,

but not for error trials, ¢(21) = 1.4, p = 0.17. The high mean, high vari-
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ance condition was again the one with lower average confidence in both cases:
Mpighhigh,cor = 4.78, Miowiow cor = 4.95, Mpighhigh.err = 3-48, Miowiow,err = 3.68.
Those findings therefore replicate what has previously been reported for EX-
PERIMENT 6 — lower evidence reliability leads to decreases in confidence — an
effect observed in both T+ and T- groups despite somewhat different patterns

of primary task performance across the two conditions.

Correct Error
probably _ probably _
correct - correct
\:
maybe | maybe | ’I
correct low mean, T+ corect [ g _.--" T
high mean, T+ ]
=== |ow mean, T- -
maybe | high mean, T- maybe |
wrong wrong
low variance high variance low variance high variance

Figure 89: Confidence as a function of objective accuracy, condition and treat-
ment group. Only part of the 6-point confidence scale is used here to improve
visibility. T+: participants who consumed an amino-acid drink with trypto-
phan; T-: participants who consumed an amino-acid drink without trypto-
phan.

Comparing the influence of stimulus mean and variance on confi-
dence. Aswas done for EXPERIMENT 6, several regression models were fitted
to test which variables contributed to a participant’s confidence judgements.
The question here was whether this influence of variables differed between the
two groups, especially with regard to the variance of the stimuli. Figure 90
presents the results from this model-comparison approach. The solid bars rep-

resent data from the T+ group and the dashed bars represent data from the
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T- group.

The normative model in which only accuracy predicted confidence is
shown on the left of each of the three panels. This predictor was reliably
different from zero for both the T+, #(23) = 16.0, p < 0.001, and the T-
group, t(21) = 9.2, p < 0.001. The t-values are shown in the upper panel of
Figure 90. The R? value, as shown in the medium panel, was larger for the T+,
My, = 0.69, compared to the T- group, Mr_ = 0.50, t(34.3) = 2.9, p < 0.01.
There was, however, no reliable difference between BIC scores, t < 1, and
the BIC of the T- group was actually smaller compared to the T+ group,
My, = 2.97 versus Mp_ = 1.43. The BIC scores are shown in the lower panel
of Figure 90.

RT was then included as an additional predictor in model 1. The
regression weights for accuracy were again reliably different from zero for both
the T+, ¢(23) = 7.3, p < 0.001, as well as for the T- group, ¢(21) = 6.0, p <
0.001. The RT predictor was also reliably different from zero for both the
T+, t(23) = 5.2, p < 0.001, and the T- group, t(21) = 3.8, p = 0.001. As
in the previous experiment, this predictor was negative, meaning that RT and
confidence were negatively correlated. This regression model explained slightly
more variance for the T+ group, R? = 0.78, if compared to the T- group,
R?* = 0.67, t(36.0) = 2.0, p < 0.05. However, as mentioned above, the R?
value does not take into account the number of degrees of freedom. Ultimately,
the BIC values of the two models have to be compared. These values were not
reliably different, though, ¢ < 1. The question arises whether the increase
in explanatory power was worth adding the additional parameter. This was
tested separately for the two groups. For both the T+, #(23) = 2.2, p = 0.04,
and the T- group, t(21) = 2.3, p = 0.03, the difference in BIC scores was

indeed reliable, which can be interpreted as evidence for the superiority of the
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Figure 90: A) Signed t-values for the different models to predict confidence;
model parameters above or below the dashed, horizontal lines are significantly
different from zero. The horizontal lines highlight the critical t-values. These
values are very similar for the two groups and are therefore overlapping. B)
Mean R? and C) Mean BICs for these models. T+: participants who con-
sumed an amino-acid drink with tryptophan; T-: participants who consumed
an amino-acid drink without tryptophan.
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more complex model, model 1, over the normative model 0.

Does stimulus mean predict confidence over and above its effect on
basic task performance? This question was addressed with model 2a. For both
groups, only accuracy and RT were reliable predictors of decision confidence,
ts >= 4.0, ps < 0.001. The mean of the stimulus did not have such an effect,
t < 1. The two groups did not differ with regard to the variance explained
by the model, R?, t(41.3) = 1.1, p = 0.27, nor the model fit, BIC, ¢t < 1.
Adding stimulus mean as an additional parameter did not improve the model
fit for the T- group, t < 1. For the T+ group, it actually decreased the fit,
t(23) = 3.5, p < 0.01. It can therefore be concluded, that stimulus mean is
not a good predictor of confidence over and above the effect stimulus mean
has on accuracy and RT.

The results from the previous experiment suggested that stimulus vari-
ance, on the other hand, had a reliable effect on confidence over and above basic
task performance. This hypothesis was tested with model 2b. Echoing earlier
findings, all predictors were significantly different from zero, ts >= 2.4, ps <=
0.03. Stimulus variance was negatively correlated with confidence — the more
variable a stimulus was, the less confident the participant would rate his re-
sponse. The two groups did not differ in their model fits, neither with regard
to their R%s, £(39.9) = 1.5, p = 0.14, nor their BIC values, t < 1. If this model
was compared to model 1 for each group separately, the goodness of fit was not
found to be reliably better, neither for the T+ group, ¢(23) = 1.4, p = 0.19,
nor for the T- group, #(21) = 1.5, p = 0.14. As noted before, a non-reliable
difference in BIC scores does not mean that the fit of the more complex model
was worse, only that the new parameter explains enough variance in itself
without hurting the overall explanatory value of the entire model.

Finally, a model was fitted which included all four parameters as pre-
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dictors, model 3. For the T+ group, only accuracy, t(23) = 6.0, p < 0.001, and
stimulus variance, £(23) = 3.1, p < 0.01, were reliable predictors, but not RT
or stimulus mean, ts < 1. These findings replicated those of EXPERIMENT 6.
For the T- group, all predictors but stimulus mean, ¢ < 1, were reliably differ-
ent from zero, ts >= 2.2, ps <= 0.04. The models of the two groups did not
differ with regard to their proportion of explained variance, ¢t < 1, or goodness
of fit, ¢(43.6) = 1.3, p = 0.21. If compared to models 2a and 2b, the increment
in explained variance was only ‘worth’ adding the additional parameter when
this additional parameter was stimulus variance, ts = 2.2, ps = 0.04, but not
when stimulus mean was added to model 2a, ts <= 1.7, ps >= 0.10. These
results were very similar for the two groups.

Taken together, these findings again support the interpretation that
stimulus variance but not mean contributes to confidence over and above the
general effect of first-order performance. This effect was very similar for both
the T+ and T- groups, therefore going against the hypothesis that tryptophan-
depleted participants had a less pronounced effect of evidence reliability on

confidence.

SDT model fits. The next set of analyses focused on whether stimulus
mean, stimulus variance and ATD had a reliable effect on people’s metacogni-
tive ability. For metacognitive sensitivity, meta-d’ exhibited reliable main ef-
fects for both stimulus mean, F(1, 44) = 28.0, p < 0.001, 72 = 0.39, and
stimulus variance, F(1, 44) = 39.3, p < 0.001, 72 = 0.47, replicating the
results of EXPERIMENT 6. Critically, the T+ and T- groups did not signific-
antly differ with regard to their metacognitive sensitivity, F'(1, 44) = 1.4, p =
0.25, 77]3 = 0.03. No other effects were reliable, F's <= 1.8, ps >= 0.19.

However, as previously discussed, first-order performance has to be
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taken into account to assess whether differences in first-order processing might
have caused this null effect by cancelling out true differences in the ability to
distinguish between correct and error trials. There was again a main effect
of stimulus mean, F(1, 44) = 155.2, p < 0.001, ni = 0.78, and stimulus
variance, F'(1, 44) = 97.2, p < 0.001, 773 = 0.69, replicating the findings from
EXPERIMENT 6. There was now also an interaction between the two factors,
F(1, 44) = 20.1, p < 0.001, 77;% = 0.31. I found no difference between the two
groups, F'(1, 44) = 1.9, p = 0.18, 77127 = 0.04, but a reliable interaction between
the group factor and stimulus variance, F'(1, 44) = 13.0, p < 0.001, 7712, = 0.23,
reflecting the above-reported reduced effect of stimulus variance for the T-
group. No other effects were significant, F's <= 1.2, p >= 0.28.

First- and second-order sensitivity can then be compared to assess how
metacognitively efficient participants were. This analysis is presented in the
left panel of Figure 91. Four participants had to be excluded from this analysis
because the algorithm could not estimate efficiency parameters due to missing
values in some of the data cells. There was first of all a marginally significant
effect of stimulus mean, F'(1, 40) = 4.0, p = 0.05, ?7; = 0.09, as opposed to the
null effect found in EXPERIMENT 6. Overall, there was a higher metacognitive
efficiency when stimulus mean was low, (M, = 0.16) than when it was high
(Mhpigh = 0.09). As in the previous experiment, no effect of stimulus variance
was found, F(1, 40) = 1.8, p = 0.19, 77]% = 0.04, and also no interaction
between those two factors, F' < 1. There was no main effect of group, F < 1,
meaning participants in the T- group were not less metacognitively efficient.
Interestingly, though, there was a reliable interaction of the group factor and
stimulus variance, F'(1, 40) = 5.7, p = 0.02, nz = 0.12: Whereas the T+
group showed no effect of stimulus variance on metacognitive efficiency, the

T- group was worse at detecting their own errors (independent of how many
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errors they actually made) when variability of the stimulus was high. Group
and stimulus mean did not interact, F'(1, 40) = 1.6, p = 0.22, 775 = 0.04, but
there was a reliable three-way interaction between group, stimulus mean, and
stimulus variance, F'(1, 40) = 5.3, p = 0.03, 'r]i = 0.12. Despite not having
perfectly matched medium conditions, two conditions were compared for the
two groups separately. There was no reliable difference for the T+ group,
t(22) = 1.3, p = 0.20, but a marginally significant difference for the T- group,
t(18) = 1.9, p = 0.08, with a slightly higher metacognitive efficiency for the

low mean, low variance condition, Mp;gnnigh = 0.11 versus Moo = 0.28.
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Figure 91: Type-II SDT parameters as a function of condition and treatment
group. The left panel presents metacognitive efficiency (log(M-ratio)); the
right panel metacognitive bias (Broc). No error bars are shown because they
are highly overlapping and hinder interpretation of the figure. T+: parti-
cipants who consumed an amino-acid drink with tryptophan; T-: participants
who consumed an amino-acid drink without tryptophan.

In conclusion, these findings suggest that overall, tryptophan-depleted
participants were not affected in their metacognitive ability. There was, how-
ever, a hint of an interaction effect between group and stimulus variance, sug-
gesting that participants in the T- group were less affected by the stimulus

variability in their primary choice, but more affected by it in their secondary
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judgement.

As already discussed above, participants in the T- group were reliably
more confident on both correct and error trials. This finding hints at the
fact that there is a difference in metacognitive bias between the two groups,
with the tryptophan-depleted participants using the end of the confidence
scale more often that classifies responses as correct. Also mentioned above,
the non-parametric bias parameter Broc (Kornbrot, 2006) is relatively sus-
ceptible to empty data cells. The present experiment had low trial numbers,
which unfortunately resulted in 13 participants being excluded from the ana-
lysis. The results therefore have to be interpreted with caution. As previ-
ously found, there was no effect of stimulus variance on metacognitive bias,
F < 1. However, the above-found effect hard-easy effect for stimulus mean
was also not reliable here, F' < 1. The two factors showed a marginally signi-
ficant interaction, though, F'(1, 31) = 3.8, p = 0.06, 772 = 0.11, as reflected
in the cross-over patterns that can be seen in the right panel of Figure 91.
As expected, participants in the T- group had a higher metacognitive bias,
Myp_ = 1.65 versus Mr, = 1.06. However, this effect was only marginally
significant, F'(1, 31) = 3.3, p = 0.08, 772 = 0.10. No other effects were reli-
able, F's <= 2.6, ps >= 0.12. These findings suggest that the difference in
confidence between the two groups was caused by a difference in calibration,
that is the T- group mapped the confidence scale onto their responses slightly
differently, being less likely to classify responses as incorrect. In contrast to the
previous study, there was no difference between the two medium conditions,

neither for the T+ group nor the T- group, ts < 1.
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5.2.3 Discussion

The present experiment had two key goals. The first goal was to assess whether
the effects reported for EXPERIMENT 6 could be replicated with this study. As
in the previous experiment, there were reliable effects of signal strength and re-
liability on response speed, error rates, and efficiency. Due to time constraints,
no staircase was applied prior to the main experiment. Instead, the ‘best’ para-
meters from the previous experiment were chosen for all participants and dif-
ficulty was not further adjusted. Comparisons of these medium-difficulty con-
ditions should therefore be treated with caution. However, post-hoc analyses
provided evidence that the conditions were well-matched for at least one of the
groups (T-), despite showing a speed-accuracy trade-off as in EXPERIMENT 6.

As in the previous experiment, stimulus mean and variance affected
both correct- and error-trial confidence, but they did so in opposite ways: A
higher stimulus mean made participants more confident on correct trials, but
less confident on error trials. The same pattern held for low variance, even
though this effect was not reliable as a main effect. There was once more
a reliable difference in confidence between the two medium conditions with
higher confidence in the low mean, low variance condition. This effect was
reliable for correct trials in both groups. However, interpreting this effect in
the present experiment is a little more complicated due to imperfect first-
order performance matching. The above-reported difference could therefore —
at least for the T+ group — stem from the fact that the T+ group was more
efficient in the low mean, low variance condition.

The second aim of the present study was to test differences in meta-
cognitive processing for the two groups. Those groups were well-matched

with regard to gender, age, intelligence, and impulsivity. Plasma tryptophan
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samples confirmed an increase in tryptophan for the group of participants who
consumed an amino-acid drink containing tryptophan (T+) but a decrease for
participants whose drink did not contain tryptophan (T-), if baseline meas-
ures were compared to afternoon samples of blood. However, despite this
clear difference in tryptophan, there were no reliable differences in mood rat-
ing between the participant groups. However, this does not necessarily mean
that the manipulation was unsuccessful. In fact, it has previously been noticed
that the effects of ATD on mood are rather unstable (Young & Leyton, 2002).
One possible reason for that could be that the mood effects caused by ATD are
very weak and that the PANAS scales are not sensitive enough to detect them.
However, there were no numerical trends in the hypothesised direction in the
PANAS ratings, speaking against a mere lack of statistical power. Instead, one
could assume that the ATD effects that mirror depression are not mediated
via mood.

Prior to investigating group differences in metacognitive processing,
several differences in first-order processing were analysed. First, tryptophan-
depleted participants were on average found to respond faster, consistent with
prior suggestions that tryptophan depletion leads to more impulsive behaviour
(Walderhaug et al., 2002; Worbe et al., 2014). Moreover, tryptophan-depleted
people are often better at ignoring irrelevant information (Ahveninen et al.,
2002; Schmitt et al., 2000). Consistent with this observation, tryptophan-
depleted participants showed a weaker effect of stimulus variance. This effect
was present in correct RTs, error rates, and efficiency.

The tryptophan-depleted participants were overall more confident, mir-
roring Dunning and Story’s (1991) finding in patients with subclinical de-
pression. This increased confidence was found for both correct and error tri-

als. This effect was therefore due to an increased metacognitive bias, that is
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tryptophan-depleted participants were more likely to use the high-confidence
end of the scale independent of their ability to distinguish between correct and
error trials. However, there was only a hint of such an effect for the metacogni-
tive bias parameter Broc. Also, time constraints imposed upon the present
study resulted in a problem for the estimation of metacognitive bias para-
meters. The non-parametric bias measure Brpoc, chosen here, could not be
calculated for several participants due to missing values in some of the confi-
dence conditions. This finding suggests that even in cases where the parameter
could be calculated, this estimate must have been imprecise or unstable. This
could have resulted in the failure to replicate the effect of stimulus mean on
metacognitive bias.

The causes for the differences in metacognitive processing were further
investigated using a model comparison approach. This analysis replicated
findings from EXPERIMENT 6, namely that stimulus variance but not stimulus
mean had an effect on confidence over and above the effect it had on decision
performance. However, the two groups did not differ with regard to how they
used the different confidence cues and the present experiment therefore did
not provide an explanation as to why metacognitive processing is affected by
changes in serotonin levels. Other known confidence cues, such as familiarity
or fluency (Schwartz, 1994; Koriat, 1993) should be taken into account as well
in future experiments.

Taken together, these findings suggest that low serotonin levels lead to
relative overconfidence in participants if compared to a group of participants
whose serotonin levels had previously been restored to their normal levels. The
tryptophan-depleted participants’ performance was also relatively less affected
by increases in stimulus variance. Surprisingly, however, this group showed a

stronger effect of stimulus variance on their metacognitive efficiency. This find-

316



Chapter 5

ing could mean that those participants are somehow more sensitive to stimulus
variability, which leads them to ‘protect’ themselves more from the detrimental
effects low evidence reliability can have on performance. At the same time,
however, low evidence reliability makes them worse at distinguishing their own
correct and error responses. Future studies could investigate further whether
this is a valid explanation of the effects observed here. Those effects could
not be explained by differently contributing cues to confidence, at least not for
the cues studied in the present experiment. I found no reliable differences in

metacognitive efficiency between the two groups.

5.3 EXPERIMENT 8: Neurophysiological mechan-
isms of stimulus mean and variance processing

The last experiment in this thesis investigated the neurophysiological mech-
anisms of how stimulus mean and variance processing influence cognitive pro-
cessing. More precisely, I addressed the question of whether the influence of
evidence reliability on confidence — that is, less reliable evidence leads to de-
creases in confidence even for conditions of matched first-order performance
— was reflected in the ERN and especially the Pe. These error-related EEG
correlates were already studied in EXPERIMENTS 4 and 5, where they have
been found to reflect subjectively-rated decision confidence. The question here
therefore becomes whether Pe amplitude reflects an internal source that feeds

into confidence judgements.
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5.3.1 Methods

Participants were trained and staircased and then completed four blocks on a
colour and shape classification task without confidence judgements and then
three blocks on the colour discrimination task with confidence judgements. My
analysis focused on the latter three blocks. The project was run in collabor-
ation with another student, whose analyses focused on the first four experi-
mental blocks that are not considered further below. In the methods section,

I explicitly highlight work conducted together.

5.3.1.1 Participants

We tested 17 participants in total, of whom the first one had to be excluded due
to a technical failure with the stimulus presentation. All participants reported
to be right-handed and to have intact colour vision. There were 9 female
participants. The participants’ ages ranged from 19 to 33. Some participants
had already taken part in a similar colour experiment, but this was considered

not to be a problem given the adaptive nature of the task.

5.3.1.2 Task and procedure

The task used was the same colour judgement task as in previous experiments
in the present chapter. I only report the methods where they differed from
these earlier studies.

Participants first completed 4 blocks to practise the task, while a stair-
case algorithm adjusted the level of difficulty. The goal was to find six difficulty
conditions for each participant within a roughly similar range, resulting from
a factorial combination of two levels of colour mean and three levels of colour

variance. For reasons of efficiency and time constraints, the staircase focused

318



Chapter 5

on only two of those conditions. A first 144 trial-long block varied mean col-
our, while keeping colour variance fixed at 0.2, until an error rate of 25% was
obtained. This was repeated for a target error rate of 85%. This resulted in
two values of colour mean: high mean and low mean, for each colour respect-
ively. The remaining four difficulty conditions were automatically created by
including variance levels of 0.1 (low variance) and 0.3 (high variance) in ad-
dition to the already used level of 0.2 (medium variance). This resulted in
a complete, orthogonal design around the already created two conditions of
medium difficulty. The same procedure was used to find difficulty conditions
for a related task, a shape judgement task, performed on the same stimuli.
However, this task was only used by my collaborators in this experiment (see
Section 1.9) and is therefore not relevant here.

Responses were made using the ¢ and b key of a computer keyboard,
except for the first 2 participants who used a mouse for this judgement. The
key assignment matched the key assignment used later in the main experi-
ment and was therefore counterbalanced over participants. The stimulus was
shown for 100 ms, participants’ responses were collected up until 1500 ms after
stimulus onset. If they failed to respond within this time window, the next
trial would automatically begin and the current trial would be labelled as a
miss. Participants received auditory feedback after each trial, in form of two
tones, each 200 ms long, one of them 600 Hz, the other 1200 Hz. The order of
these tones was rising for correct responses and falling for incorrect responses.
Between trials, there was an RSI of variable length, on average 1000 ms, with
a uniform jitter of 300 ms, ranging from 850 to 1150 ms.

The staircase began to adjust difficulty as soon as the participant had
pressed the correct key on 9 consecutive trials. Following a correct trial, dif-

ficulty was increased, and following an incorrect trial it was decreased by a
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small amount. The increment or decrement by which difficulty was adjusted,
changed once over the course of the block. Moreover, these steps were larger
for the blocks in which the target accuracy was 75%. After these staircase
blocks, a summary figure was presented on screen for inspection by the ex-
perimenter. This figure displayed the adjustment of difficulty over trials. The
experimenter then chose the final difficulty setting for the entire experiment,
adjusting the value suggested by the computer wherever it appeared suspect,
for example by being too difficult due to a run of correct trials before the last
staircase block finished.

After this first part, participants were prepared for the 32-channel EEG
recordings. The methods for these recordings were identical to the methods
described in 3.1.1.3, and a description of the procedures will therefore not be
repeated here.

Following setup, participants completed another practice block of 20
trials, just of the colour task. We then recorded EEG signals from their scalp
while they performing the two parts of the experiment: The first part did not
include any confidence judgements and was aimed at testing another research
question. This part comprised four blocks, two colour blocks and two blocks
of the above-mentioned shape task, which were shuffled in their order. Each
block was 144 trials long. They received feedback on all trials.

The second part was then focused on the research question regarding
confidence, which was at the centre of this study. Only data from this second
half will be reported here. In this part, only colour judgements were used.
In the first block of this part, which was 24 trials long, participants famili-
arised themselves with the 6-point confidence scale already used in previous
studies of this thesis. No more feedback tones were played on trials, which

instead required confidence judgements. After this block, frequencies for all
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confidence categories were displayed on screen so that the experimenter could
discuss these with the participant. This was done to reinforce the point that
use ought to be made of all confidence categories. There then followed three
main experimental blocks. Similar to EXPERIMENT 6, all were comprised of 24
trials with feedback and then 144 trials with confidence judgements. The feed-
back trials were included to ensure that participants would maintain a stable
colour discrimination criterion throughout this part of the experiment. Those
trials were discarded for all analyses. Between the feedback and confidence
trials, there was a 5-second countdown to help participants prepare for the
new upcoming task.

There were 2 (mean colour) x 3 (variance of colour) x 2 (objective col-
our of the stimulus) x 2 (mean shape) x 3 (variance of shape) x 2 (objective
shape of the stimulus), so 144 conditions in total. The block length was there-
fore set to 144 for this experiment. All shorter practice blocks were a random
subset of these conditions. Critically, the shape dimension showed no reliable
effects on task performance, even though — unlike in the other experiments
described in this chapter — this dimension was task-relevant in some of the
previous blocks of the first part in the experiment.

Furthermore, there were too few trials per condition for this study to
run SDT analyses. I will therefore not report type-II sensitivity (meta-d’) and

bias (Bgroc) for this study.

5.3.2 Results

5.3.2.1 First-order performance

Basic performance measures and matching of the medium condi-

tions. Figure 92 presents the correct RTs and error rates for the six difficulty
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conditions. Participants were faster, F'(1, 15) = 11.8, p < 0.01, 775 = (.44,
and more accurate, F'(1, 15) =24.0, p < 0.001, 775 = 0.61, when the stimulus
mean was high as opposed to when it was low. The main effect of stimu-
lus variance was also replicated for both correct RTs, F'(2, 30) = 24.3, p <
0.001, 72 = 0.62, and error rates, F(2, 30) = 6.2, p < 0.01, 2 = 0.29:
Higher stimulus variance led to increased RTs and higher error rates. These
two factors did not interact, for either correct RTs, F' < 1, nor for error rates,
F(2, 30) =23, p=0.12, 77]3 = 0.13, the latter finding not replicating what
has been reported above for EXPERIMENTS 6 and 7.

Asin previous experiments, I aimed to contrast two conditions matched
for difficulty but different in whether difficulty reflected low mean or high vari-
ance. The low mean, low variance condition and high mean, medium vari-
ance condition suit this purpose, highlighted in all consecutive figures using
crosses as symbols. There was no difference between the conditions for cor-
rect RTs, t(15) = 1.3, p = 0.23, BFyyrr = 2.01. For error rates, there
was also no significant difference, t(15) = 1.5, p = 0.15, BFnyr, = 1.54.
Those conditions also did not differ in efficiency, ¢ < 1, BFyyrr, = 3.35.
Analyses of drift rate parameters in a diffusion model were consistent with
this conclusion, yielding no reliable differences between the two conditions,
t(14) = 1.1, p=0.29, BFnyrr = 2.27. This drift rate was fitted to data from
not just the confidence part of the experiment, but all blocks, to increase the
number of trials and therefore stability of the parameter estimates.

Taken together, the findings for the first-order performance replic-
ated many effects that have already been found for EXPERIMENTS 6 and 7.
Amongst those effects are the main effects of stimulus mean and variance on
performance measures such as correct RTs and error rates. Furthermore, two

matched conditions were found which will further be analysed in the following
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Figure 92: Mean correct-trial response times (RTs) and mean error rates as a
function of condition; ms: millisecond. The conditions matched for first-order
task performance are highlighted using crosses: the low mean, low variance
condition and the high mean, medium variance condition.

section with regard to their confidence judgements. In conclusion, these data
suggest that the colour-judgement paradigm used in this chapter produces

consistent and stable effects.

5.3.2.2 Confidence judgements

As for the previously reported experiments, participants displayed a high res-
olution of confidence, as expressed in a reliable, negative relationship between
confidence and error rates, rs <= —0.94, ps < 0.01, for 14 out of 16 parti-
cipants. In addition to this, mean, F(1, 15) = 26.7, p < 0.001, 7, = 0.64,
and variance, F'(2, 30) = 4.6, p = 0.02, 77127 = (.23, affected confidence in
opposite ways for correct and error trials, replicating the previous findings.
Average confidence as a function of accuracy, mean, and variance is presented
in Figure 93. All other effects are reported in Appendix C.1.

The two matched conditions of medium difficulty — the low mean, low
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variance condition and high mean, medium variance condition, as highlighted
in Figure 93 by cross symbols — were furthermore compared. Consistent with
previous findings, participants expressed lower confidence in the high mean,
medium variance condition, M., = 4.74, M,,, = 2.76, compared to the low
mean, low variance condition, M., = 4.81, M., = 3.33. However, this dif-
ference was reliable only for error trials, ¢(15) = 4.0, p = 0.001, BF = 35.81,

and not for correct trials, t < 1, BFnyrLr = 3.27.

Correct Error

probably _ probably _

correct correct

maybe | maybe |

correct Mean correct

— low
maybe | high maybe |
wrong wrong
low medium high low medium high
variance variance variance variance variance variance

Figure 93: Confidence as a function of objective accuracy and condition.
The conditions matched for first-order task performance are highlighted us-
ing crosses: the low mean, low variance condition and the high mean, medium
vartance condition. Only part of the 6-point confidence scale is used here to
improve visibility.

Furthermore, regression model fits replicated findings from EXPERI-
MENTS 6 and 7: variance, t(15) = 2.5, p = 0.02, but not mean, ¢(15) =
1.1, p = 0.29, explained confidence variance above and beyond basic task per-
formance. The t-values, R?s, and BIC values are furthermore presented in

Figure 94. The complete analysis of models 0 to 3 is given in Appendix C.2.
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Figure 94: A) Signed t-values for the different models to predict confidence;
model parameters above or below the dashed, horizontal lines are signific-
antly different from zero. The horizontal lines highlight the critical ¢-values.
B) Mean R? and C) Mean BICs for these models.
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5.3.2.3 ERP data

The next section focuses on effects of stimulus mean and variance on neuro-
physiological correlates of errors and — as previously shown — of confidence.
The first analysis asked whether the ERN and the Pe had a reliable effect of
objective accuracy. Figure 95 presents the grand-averaged ERP waveforms,
time-locked to the colour-task response, at electrode CZ. The time windows
of the ERN (-30 to 70 ms) and the Pe (360 to 460 ms) are highlighted. These
were picked by visually inspecting the scalp topographies for different time
windows. The resulting topographies for those time windows are presented in
Figure 96. The ERN (upper panel) had a more central, negative topography.
However, the ERN amplitude is small here, and the topography is more pos-
terior and lateralised than what would normally be observed. Presumably, this
is a reflection of the difficulty of the task.

Data from all five midline electrodes for both correct and error tri-
als were submitted to a 5 x 2 repeated-measures ANOVA. There was a re-
liable effect of anteroposterior scalp locations, F(2.2, 33.3) = 244, p <
0.001, 77}% = 0.62, expressing that the voltage was lowest at electrode location
CZ, Moz = 0.49 pV, compared to all other four locations; Mpy; = —1.44 puV
Mpcy = =087 uV, Mepyz = 1.38 uV, Mp; = 1.25 uV. The ERN was
furthermore smaller for error than for correct trials, M., = 0.45 pV versus
M., = —0.12 V', as would have been expected. However, this effect was not
reliable, F'(1, 15) = 2.6, p = 0.12, 'r]; = 0.15. There was also no interaction
between location and accuracy, F' < 1, but the electrode for which data was
presented in Figure 95 showed the largest difference between correct and error
trials, M = 0.69 pV.

The same analysis was conducted for the Pe. There was again a reliable
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effect of anteroposterior scalp location, F'(1.8, 0.5) = 5.3, p = 0.01, 772 = (.26,
but now voltages were more positive over posterior scalp locations, M¢cpy; =
—3.76 pV, if compared to all other four electrodes; Mpy = —1.03 uV', Mpecy =
—1.71 pV, Moy = —2.60 uV, Mpy = —3.67 pV. This is also shown in the
typical posterior positive topography shown in the lower panel of Figure 96.
The Pe was larger on error trials, M., = —1.90 uV, compared to correct
trials, M., = —3.21 uV, as would have been expected. This difference was
indeed reliable, F'(1, 15) = 8.8, p < 0.01, nzf = 0.37. There was furthermore
a reliable interaction between scalp location and accuracy, F(1.7, 25.1) =
14.2, p < 0.001, 77]2) = 0.49. This interaction effect reflected the fact that
the difference between correct and error trials was largest at electrode PZ,
M = —2.37 uV. Taken together these analyses suggest that the Pe reflected
neurophysiological differences in objective accuracy, while the ERN was only

a weak index of such an effect.

--- correct (N = 369.7; 310 to 427)
B error (N=105.7; 33 to 144)

2200 0 200 400 600 Time (ms)

Figure 95: Response-locked ERN (-30 to 70 ms) and Pe (360 to 460 ms) at
electrode CZ as a function of objective accuracy. Response was made at 0 ms.
The figure legend displays average, minimum, and maximum numbers (N) of
trials per participant. ms: millisecond; pV': microvolt.
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ERN (-30 to 70 ms)

]
—_

3.1

-3.1

Figure 96: Topography for the response-locked ERN (error-related negativity)
and the Pe (error positivity). Both topographies display the difference between
correct and error trials. The colour bars to the right of the topography display
the corresponding voltages (in microvolts, ¢V'); ms: millisecond.

The next set of analyses focused on whether the ERN and the Pe once
more reflected differences in confidence. The upper panel of Figure 97 shows
data at electrode CZ with the time window of the ERN highlighted (again, a
time window of -30 to 70 ms was chosen). Both correct and error trials were
included in this analysis. There was again a reliable effect of anteroposterior
scalp location, F'(2.3, 33.9) = 25.9, p < 0.001, 1712) = 0.63, as well as a reliable
effect of confidence, F'(5, 75) = 2.6, p = 0.03, "r]]% = 0.15. This effect reflects
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that the ERN was the most negative for the certainly wrong category, M =
—0.68 pV whilst being the most positive for the certainly correct category,
M = 0.95 V. This was also reflected in a reliable linear trend, F(1, 15) =
9.9, p <0.01, 7]2 = 0.77. The upper panel of Figure 98 furthermore presents
the topography of the ERN as a contrast between the highest and the lowest
confidence category.

The same analysis was again repeated for the Pe time window (360 to
460 ms). The Pe effect is highlighted in the lower panel of Figure 97, which
presents data for the electrode CPZ. As previously shown, there was a reliable
effect of location, F'(1.9, 29.0) = 5.3, p = 0.01, 775 = 0.26. Similar to the ERN,
the Pe also scaled with confidence, F(2.9, 43.9) = 3.6, p = 0.02, 72 = 0.19.
However, as would have been expected, this effect was in the opposite way,
with the largest Pe values for the certainly wrong category, M = —0.68, and
the smallest values for the certainly correct category, M = 0.95. There was
again a reliable linear trend, F'(1, 15) = 9.3, p < 0.01, 77; = (0.38. Location
and confidence did not interact, F'(5.5, 82.9) = 1.3, p = 0.29, 7712, = 0.08.
Furthermore, Figure 98 shows the topography for the Pe, which was a posterior,
negative pattern, as expected. Taken together, these findings suggest that
both the ERN as well as the Pe scale reflect changes in confidence, replicating
findings from EXPERIMENTS 4 and 5.

The previous analyses provided support for the hypothesis that es-
pecially Pe amplitude tracks changes in confidence, replicating findings from
EXPERIMENT 4. The key question of the present experiment was whether these
EEG components also reflect differences in stimulus mean and variance. More
precisely, confidence was found to vary both with stimulus mean (higher con-
fidence found at higher levels of stimulus mean) and stimulus variance (higher

confidence found at lower levels of stimulus variance). T would expect to find
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CcZ

(N =17.6; 3 to 36)
@ probably wrong (N = 29.3; 2 to 56)

4 - - maybe wrong (N = 45; 15 to 89)
maybe correct (N = 98.1; 39 to 175)
probably correct (N = 135.8; 72 to 196)
8- certainly correct (N = 82.5; 7 to 182)
-200 0 200 400 600 Time (ms)

CPZ

8 -

-200 0 200 400 600 Time (ms)

Figure 97: Response-locked ERN (-30 to 70 ms; at electrode CZ; top panel)
and Pe (360 to 460 ms; at electrode CPZ; bottom panel) as a function of
confidence for correct and error trials. Response was made at 0 ms. The figure
legend displays average, minimum, and maximum numbers (N) of trials per
participant. ms: millisecond; ©V': microvolt.
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ERN (-30 to 70 ms)

4.1

-4.1

6.1

-6.1

Figure 98: Topography for the response-locked ERN (error-related negativity)
and the Pe (error positivity), conditioned on the level of confidence for errors
and correct trials. Both topographies display the difference between the most
extreme confidence categories: certainly wrong and certainly correct. The
colour bars to the right of the topography display the corresponding voltages
(in microvolts, ©V'); ms: millisecond.
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those differences in confidence echoed in the amplitude of the Pe: I would
predict a larger amplitude for low stimulus mean and high stimulus variance,
respectively. Moreover, I would expect to find that Pe amplitude also reflects
the difference in confidence between the two conditions matched for task diffi-
culty, with a larger Pe amplitude for the high mean, medium variance condition
compared to the low mean, low variance condition. This analysis focused on
correct trials only, because of the low number of error trials. Furthermore, the
analyses were focused on the Pe, rather than the ERN (both highlighted in
Figure 99), which did not reveal any reliable interaction effects between elec-
trode location and either mean, F'(2.1, 31.3) = 2.6, p = 0.08, 772 = 0.15, or
variance, F'(2.9, 43.1) = 1.2, p = 0.34, 7]3, = 0.07. The full ERN analysis is
given in Appendix C.3.

Figure 99 highlights the Pe in its time window again ranging from
360 to 460 ms (right time window highlighted). The average voltage from
this time window was again submitted to a repeated-measures ANOVA with
anteroposterior scalp location, stimulus mean, and stimulus variance as factors.
This analysis revealed a reliable effect of location, F'(2.0, 29.4) = 7.8, p <
0.01, 772 = 0.34, with the largest activity observed at the most frontal elec-
trode FZ, M = —1.06. There were no main effects of either stimulus mean,
F < 1, or stimulus variance, F'(1.4, 21.5) = 2.7, p = 0.11, 77; = 0.15. There
was, however, a reliable interaction between stimulus variance and electrode
location, F(3.2, 47.6) = 2.9, p = 0.04, 57 = 0.16, reflecting that for ex-
ample the difference between the high variance and the low variance condition
was larger (absolutely) for the more posterior electrodes; Mpy; = —0.2 uV,
Mpcy = =054 uV, Mcy = =059 uV, Mepy = —1.27 uV, Mpy = —1.61 V.
There were no such interaction for location and stimulus mean, F' < 1, and also

no three-way interaction, F' < 1. There was, however, a reliable interaction
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between stimulus mean and variance, F'(2, 30) = 3.4, p = 0.04, 7]12) = 0.19,
revealing that the difference between the low mean and the high mean condi-
tion was largest for the medium variance condition, M = 0.79 V', smallest
for the high variance condition, M = —1.05 uV', and intermediate for the low

variance condition, M = —0.54 pV.

e |ow mean, low variance (N = 59; 50 to 69)
=== |ow mean, medium variance (N = 58.8; 49 to 71)

2 1 Bt === |ow mean, high variance (N = 56.3; 45 to 68)
epe- = = high mean, low variance (N = 67.8; 50 to 76)
4 @ o high mean, medium variance (N = 63.8; 50 to 84)
= = high mean, high variance (N = 64.1; 58 to 78)
-200 0 200 400 600 Time (ms)

Figure 99: Response-locked ERN (-30 to 70 ms) and Pe (360 to 460 ms)
at electrode CPZ as a function of difficulty condition for correct trials only.
Response was made at 0 ms. The conditions matched for first-order task
performance are highlighted using relatively thicker lines: the low mean, low
variance condition as a solid, green line and the high mean, medium variance
condition as a dotted, blue line. The figure legend displays average, minimum,
and maximum numbers (N) of trials per participant. ms: millisecond; pV:
microvolt.

Given the significant interaction of stimulus variance and location, I
conducted another repeated-measures ANOVA with stimulus mean, and stim-
ulus variance as factors for data at electrode CPZ only. There is a reliable
effect of stimulus variance, F'(2, 30) = 4.7, p = 0.02, 7712) = 0.24, but not of
stimulus mean, F' < 1, and the interaction between the two factors is mar-

ginally reliable, F(2, 30) = 2.7, p = 0.09, 72 = 0.15. Such a main effect of

333



Chapter 5

stimulus variance was also found at PZ. Taken together, Pe amplitude scaled
with stimulus variance but not stimulus mean at posterior electrodes. The
finding that Pe amplitude tracks differences in stimulus variance but not mean
replicates the results of previous experiments and analyses, which have sugges-
ted that variance but not mean has an effect on confidence above and beyond
its effect on first-order performance.

The second part of the analysis focused on differences in Pe amplitude
regarding the matched conditions of medium difficulty. In previous analyses, I
have shown that the two medium conditions (low mean, low variance and high
mean, medium variance), which were matched for first-order task performance,
show the expected confidence effect: Participants were less confident in the high
mean, medium variance condition. The key hypothesis of this study was that
this effect would also be reflected in the Pe with larger amplitudes for the high
mean, medium variance condition. Such an effect was indeed found at CPZ
and PZ, ts >= 2.7, ps <= 0.02. The effect was only marginally significant
at CZ, t(15) = 2.1, p = 0.05, and there was no reliable difference at neither
FZ, nor FCZ, ts <= 1.2, ps >= 0.10. Taken together, this suggests that the
Pe at the posterior sites reflects the difference in confidence between the two
medium conditions matched for primary task performance.

Previous analyses in this thesis provided support for the hypothesis
that the Pe, but not the ERN, reflects metacognitive processing. In EXPER-
IMENTS 4 and 5, the Pe was even interpreted as a proxy for confidence. The
same logic can be applied to the regression analyses reported in Section 5.3.2.2
as well as Appendix C.2: Pe amplitude, but not ERN amplitude should lead to
improved prediction of confidence if included in the regression model (Figure
94).

First, model 4a included the ERN as well as the other four predictors
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already considered in model 3: accuracy, RT, stimulus mean, and stimulus
variance. Those three predictors were all reliable predictors of confidence,
ts >= 2.2, ps < 0.05. The regression weights for RT were only marginally
different from zero, ¢(15) = 2.0, p = 0.06, as in the previous model with
only four predictors. The influence of ERN on confidence was only marginally
reliable, t(15) = 1.9, p = 0.054. The sign of the regression weight for the ERN
was negative, which means that the more positive the amplitude of the ERN,
the less confident people were. This relationship would have been expected
to go in the opposite direction, given than the ERN is a negative component
and more negative values were found for less confident judgements. However,
this relationship was not as clear in the present experiment, which might have
resulted in this finding here. Model 4a explained slightly more variance in the
data than model 3, R? = 0.88, however, this did not justify the additional
parameter, as expressed in an increase in BIC scores, BIC' = 1.56. This
difference in BIC values was not reliable, though, ¢t < 1. The two models
therefore did not differ with regard to their goodness of fit.

Model 4b then added the amplitude of the Pe instead of the ERN. Of all
previously analysed predictors, only accuracy and stimulus mean were reliably
different from zero, ts >= 2.8, ps <= 0.01. The influence of stimulus variance
on confidence was only marginally significant, ¢(15) = 2.1, p = 0.05, whereas
the influence of RT was not reliable, ¢(15) = 1.6, p = 0.12. Interestingly, Pe
amplitude was a reliable predictor of confidence, t(15) = 3.1, p < 0.01. As can
be shown in the upper panel of Figure 94, Pe amplitude was negatively correl-
ated with confidence — the higher the amplitude of the Pe, the less confident
people were, as would have been expected. Stimulus variance was a reliable
predictor of confidence in model 3, but not in model 4b. This suggests once

more that the Pe is sensitive to changes in stimulus variance, leading to a sup-
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pression of the stimulus variance predictor in the current model. The model
explained absolutely more variance if compared to model 3, R? = 0.90. The
average BIC scores were indeed reduced, BIC = 0.004, however, the difference
to model 3 was not reliable, ¢(15) = 1.1, p = 0.29.

Taken together, this analysis provided additional support for the hypo-
thesis that the Pe is a more reliable correlate of confidence than the ERN. This
finding is consistent with previous studies which have established a close link
between Pe amplitude and error awareness (Overbeek et al., 2005; Steinhauser

& Yeung, 2010; Endrass et al., 2012).

5.3.3 Discussion

The present study focused on neural correlates of the already-established effect
of variance on judgements of confidence. In the behavioural data, several key
findings from previous experiments were replicated: mean and variance had
an effect on response speed, accuracy, as well as on confidence ratings. Highly
variable stimuli furthermore resulted in more selective processing of the colour
stimuli. Critically, two conditions matched for first-order performance showed
the previously-shown difference in confidence: Higher variance (lower evidence
reliability) was correlated with lower confidence, statistically reliable at least
for error trials.

The main goal of this study was to establish the impact of evidence
mean and variance on neurophysiological correlates of confidence — the ERN
and Pe. The analyses showed that changes in stimulus variance, but not in
stimulus mean, were reflected in neurophysiological recordings: The matched
condition with the higher variance showed a larger Pe amplitude. This echoes
the earlier proposal that signal reliability reflects the ‘native language’ of con-

fidence, having an effect on confidence ratings over and above its effect on
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first-order task performance. Second, only the Pe but not the ERN was sensit-
ive to these changes in stimulus variance and confidence, supporting again the
notion that the error positivity is a good candidate index of error awareness
(Overbeek et al., 2005; Steinhauser & Yeung, 2010; Endrass et al., 2012). Fur-
thermore, regression model analyses suggested that the Pe amplitude shares
variance with the factor manipulating evidence reliability — colour variance.
This was present in a seemingly suppressed effect of stimulus variance on con-

fidence once Pe amplitude was introduced into the model as a new predictor.

5.4 General discussion

The key question addressed in EXPERIMENTS 6 to 8 was whether different
cues affect how confident people judge their decisions. In all three experi-
ments I found that both stimulus mean and variance — both of which I manip-
ulated independently in a colour classification task — affect confidence. Both
of these difficulty manipulations affected first-order performance as shown pre-
viously by De Gardelle and Summerfield (2011): Participants were faster and
more accurate when evidence reliability was high (low variance conditions),
as well as when evidence strength was high (high mean conditions). With re-
gard to second-order effects, participants were more confident when the mean
of the stimulus clearly favoured one of the two colours, and when stimulus
variability was low. Interestingly, however, stimulus variability affected confi-
dence over and above its effect on first-order performance: For two conditions
matched for task difficulty, participants were consistently less confident for tri-
als with high stimulus variability. A detailed analysis of metacognitive bias for
EXPERIMENT 6 suggested that this effect was caused by the fact that parti-

cipants’ confidence was driven by changes in stimulus variance but not stimulus
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mean. In other words, they were overconfident when the stimulus mean was
low, a classical hard-easy effect; but there was no such hard-easy effect for
stimulus variance.

The main question of whether different cues contribute to decision
confidence was addressed by comparing different individual regression models
predicting confidence. The results from this approach first of all suggested
that accuracy is clearly a very strong predictor of confidence, which does not
come as a surprise given that confidence can be regarded as a subjectively
estimated probability of being correct in a choice. RT also predicted confi-
dence, with faster RTs being associated with more confident judgements. This
is congruent with what the time heuristic would have predicted (Audley, 1960;
Moreno-Bote, 2010; Zylberberg et al., 2012; Kiani et al., 2014). The key find-
ing, however, was that stimulus variance also predicted confidence and did
so over and above the effect that stimulus variance had on accuracy and RT,
given that the regression models only accounted for independent variance pro-
portions. This was not the case for stimulus mean, however. These findings
were remarkably stable and replicated for all three studies. I therefore conclude
that difficulty due to stimulus variance serve as an important cue to people’s
confidence.

Taken together, the findings reported in this chapter suggest that con-
fidence judgements are affected by a range of different cues. These cues can be
roughly categorised into two different types or models (Koriat, 1993; Schwartz
& Metcalfe, 1994). The first class of models assumes that participants’ confi-
dence is affected by the same information as the decision itself or some property
of it (direct access), for example signal detection theory (SDT; Higham et al.,
2009). The second class of models, on the other hand, assumes that par-

ticipants are inferring their confidence from an external cue (heuristics-based
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models), for example from their RTs, judging decisions as high confident if they
were made quickly. In the present chapter it is argued that a combination of
cues, both direct-access (accuracy and stimulus variance) and heuristics-based
cues (RT), affects participants’ confidence. This multi-cue model of confidence
with different internal sources and signals that contribute to a final confidence
judgement is similar to what has previously been suggested in the literature on
metamemory (see Nelson et al., 1984; Koriat & Levy-Sadot, 2001, for a similar
suggestion regarding feeling-of-knowing judgements; also see p. 71, Dunlosky
& Metcalfe, 2009, for a review of these approaches).

The findings reported here suggest that stimulus variance plays a key
role in the formation of metacognitive judgements. I have offered the inter-
pretation of this effect that stimulus variance (or evidence reliability) could
be regarded as first-order uncertainty, that is information regarding the pre-
cision of a stored memory, a percept or another object-level representation.
There have indeed been findings supporting the notion that mental represent-
ations are stored and accessed as a probability distribution of activations rather
than a point estimate (Beck et al., 2008; Fiser et al., 2010; Ma et al., 2006).
This means that the brain can ‘read out’ the uncertainty estimate associated
with every representation (Bach & Dolan, 2012), and then easily transform
this system-I metacognitive representation into verbal, system-II metacogni-
tive judgements, to use the classifications proposed by Shea et al. (2014). In
other words, confidence is more influenced by stimulus variance than stimulus
mean because the former is the ‘native language’ of metacognition, whereas
inferring difficulty from signal strength means that this strength first has to
be compared to an internal reference point, which could presumably be noisily
represented as well.

EXPERIMENT 7 addressed the question whether a clinical population,
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which shows differences with regard to metacognitive processing, would show
a different weighting of some of these cues. Patients diagnosed with clinical
depression constitute such a population for which metacognitive judgements
differ compared to those of a healthy control group. Acute tryptophan deple-
tion (ATD) was used here to simulate reduced levels of serotonin in healthy
adult participants, similar to what has been observed in clinical depression
(Heninger et al., 1984). In the literature, underconfidence (Hancock, 1996; Fu
et al., 2005; Szu-Ting Fu et al., 2012; Dunlosky & Metcalfe, 2009; Wood et
al., 1998), but also overconfidence (Dunning & Story, 1991) has been reported
for participants with depression. The findings from EXPERIMENT 7 mirror the
latter pattern, showing that tryptophan-depleted participants are on average
more confident in their responses compared to a control group whose trypto-
phan levels had been restored to normal prior to the experiment. My findings
therefore speak against the “depressive realism hypothesis” (Moore & Fresco,
2012), as well as the “selective processing hypothesis” (Hancock, 1996), which
both suggest that participants with depression exhibit better calibration or
less overconfidence, respectively.

I would furthermore argue that the experiment reported here over-
comes some of the problems and difficulties that can be found for those pre-
vious studies on confidence and depression. First, in my study I collected
trial-by-trial retrospective confidence judgements rather than a single, over-
all estimate regarding the percentage correct of all trials completed by the
participant, like used by many other studies (Hancock, 1996; Fu et al., 2005;
Szu-Ting Fu et al., 2012; Wood et al., 1998). This allowed me to test for con-
dition differences, as conditions occurred intermixed within blocks. Second,
studies focusing on confidence in depression have used many different types of

decision-making paradigms, like general knowledge tasks (Hancock, 1996), or
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prediction tasks for future, personal events (Dunning & Story, 1991). Uncer-
tainty in these types of tasks is often believed to be external (Juslin & Olsson,
1997), making it difficult for the experimenter to control difficulty. Here, I
have chosen a perceptual decision-making task for more precise experimental
control over these factors. Third, in my experiment, I found group differences
with regard to both first- and second-order processing. It was therefore crucial
to analyse confidence data using SDT models, to carefully ‘disentangle’ first-
and second-order processing, and to find out whether differences in confidence
were driven by differences in metacognitive efficiency or bias. Past studies have
not resorted to such models, for example Dunning and Story (1991) found dif-
ferences in participants’ accuracy with regard to judging future events, but did
not analyse confidence data with a model that would take into account these
differences (Maniscalco & Lau, 2012).

The key question — regarding whether those cues affecting confidence
are weighted differently for the tryptophan-depleted participants — was ad-
dressed using the same model comparison approach comparing different pre-
dictors of confidence. However, no difference was found between the two
groups, suggesting that, at least for now, we cannot reject the hypothesis that
in both groups these cues contribute to confidence in similar ways. Future
research should therefore include other confidence cues to explore the pre-
cise mechanisms which caused the difference in metacognitive bias. One such
cue would be familiarity of the to-be-judged material. In addition to being
a well-characterised influence on metamemory judgements (Reder & Ritter,
1992), familiarity has recently been highlighted as a reliable cue of decision
confidence (De Martino et al., 2013).

Several further limitations regarding the ATD study ought to be men-

tioned; first, this type of design compares two experimental groups without
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testing a control group: The tryptophan-depleted participants are compared
only with a group whose plasma tryptophan levels were restored prior to the
experiment. In the future, untreated control groups should be included as well
to be able to directly compare the findings to for example EXPERIMENT 6.
Another issue comes with the fact that the validity of ATD as a measure to
lower serotonin levels is still debated (Van Donkelaar et al., 2011; but see also
Crockett et al., 2012; Young, 2013). It will not be possible to resolve this latter
issue here and tryptophan depletion should therefore only be considered as a
model of some components of depression.

EXPERIMENT 8 tested whether changes in the processing of stimulus
mean and variance and their influence on confidence are reflected in error-
related ERPs. The Pe, which has previously been argued to reflect error
awareness (Steinhauser & Yeung, 2012; Nieuwenhuis et al., 2001), also reflected
changes in stimulus variability, but not in stimulus mean. Moreover, if only
the matched conditions were considered — at least conditions selected post-
hoc for matched performance — there was a reliable difference in the Pe, but
not the ERN. This difference followed the confidence effect: Participants were
more confident in the condition which was difficult due to a low mean, which
was also reflected in a smaller Pe amplitude, compared to the condition that
was difficult due to high variance, which was associated with less confident
judgements and a larger Pe amplitude.

A third set of analyses linked to the question posed in EXPERIMENTS 4
and 5, as to whether Pe amplitude serves as a proxy to confidence. Indeed,
Pe amplitude was a reliable predictor of confidence if added as predictor to
the above-discussed regression models. A model that included Pe as a pre-
dictor explained more variance in confidence data, even if the difference in

the goodness-of-fit values was not reliable. This was not found for ERN amp-
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litude, which was not a reliable predictor of confidence and led to an even
worse goodness of fit than a model without ERN as a predictor. Taken to-
gether these results replicated that the Pe, but not the ERN, reflected changes
in confidence.

Several limitations, which applied to all of these studies should further-
more be addressed here. First of all, the values of stimulus mean and variance
were sampled from stimulus distributions within a narrow range, therefore
forming discrete, factorial conditions instead of testing the influence of stimulus
mean and variance as continuous variables. The main analyses in this chapter
were regression analysis, however, which would have been more powerful in
detecting effects if continuous variables had been used (Bell, 1992). Future
studies should therefore extend this paradigm by using continuously varying
independent variables.

Using continuous instead of discrete independent variable could also
have affected the above-discussed differences to the recent study by Zylberberg
et al. (2014), who found that greater variability in a stimulus lead to higher
confidence, the exact opposite to what was found here. The authors suggest
that one reason for this finding was that participants are unable to adjust their
confidence criteria to the changes in reliability of evidence (stimulus variance).
Once could argue that this adjustment was easier for participants in the current
experiment, because of the discrete nature of the conditions.

Taken together, the findings from EXPERIMENTS 6 to 8 reported in
this chapter support the hypothesis that confidence is derived from a range
of different cues. These cues can rely both on direct, privileged access to
the decision process itself, but also on simple heuristics. Future studies could
focus on the question whether ways could be found in which participants are

influenced in which cues contribute to their confidence judgement. Arguably,
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some cues are more valid than others (Gigerenzer et al., 1991). It would be
worthwhile to find a method to train participants to ‘listen’ to the most valid
cues for confidence, depending of course on contextual factors which influence
the validity of those cues. Such an approach would ultimately result in people
becoming more metacognitively accurate, which could in turn mean gains with
regard to cognitive control functions. The idea that the cues considered when
making a metacognitive judgement links closely to the findings reported by
Koriat, Sheffer and Ma’ayan (2002). The authors observed that participants
became more underconfident with more practice and explained this effect as a

shift in confidence cues, which affected both resolution and calibration.
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(General discussion

The research reported in this thesis was focused on metacognition in decision
making. I studied methodological issues arising when studying such intro-
spective judgements about the correctness of a choice, as well as links between
confidence and error detection — two types of metacognitive judgements that
have been studied largely separately over the past decades. Other experiments
were focused on the uses that metacognition serves in cognitive control, and the
question of how metacognitive judgements are formed. All those questions were
explored using behavioural, neurophysiological, and pharmacological methods,
together with computational modelling. In the present chapter, findings from
all previous chapters will be summarised and theoretical implications will be
discussed. Moreover, limitations regarding those findings will be flagged and

future avenues to explore will be suggested.
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6.1 Summary of research

6.1.1 Methodological issues

The first three experiments reported in this thesis were focused on the ques-
tion of whether metacognition in decision making is a stable phenomenon or
susceptible to influences from fine methodological differences across studies.
It was first established that ratings of confidence are indeed not easily dis-
turbed and that measuring them is straightforward and easy. For example,
which scale was used did not affect the ratings (EXPERIMENT 1), as reflec-
ted in there being no reliable difference in metacognitive performance between
the two scales (binary error detection versus 6-point, graded confidence scale).
It was therefore concluded that the higher resolution obtained with a more
fine-grained confidence scale does not come at a cost of additional processing
load. This also means participants were just as fast using such a graded scale,
compared to judging their performance on a binary scale. Their use of the
confidence scales can be described as very intuitive, meaning that hardly any
training was required before participants reached impressively high resolution
in their metacognitive judgements.

Another reason why I concluded that confidence judgements are stable
is that they were not found to be affected by the time point at which parti-
cipants were instructed to rate their performance (EXPERIMENT 2) — whether
this judgement took place immediately after the to-be-judged decision or 1.5
seconds later. It should therefore not be expected that a failure to replic-
ate confidence findings stems from such timing specifics. Consistent with the
post-decision processing hypothesis, however, it has been observed that for ex-

tremely short delays, participants will slow down in their confidence responses,
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presumably balancing out any time restrictions imposed by the experimental
design. This strategy might have caused the stability of confidence perform-
ance observed for a range of different time windows.

Moreover, findings from EXPERIMENT 3 led to the conclusion that
judging one’s confidence in addition to the primary response task does not
lead to performance impairments in the primary task. Making metacognitive
judgements therefore does not impose substantive additional cognitive bur-
den, suggesting that the cognitive processes underlying the primary task and
confidence judgements are highly overlapping. Instead, however, I observed
participants to adopt a more accuracy-focused response strategy when they
had to judge their decision confidence, meaning they were both slower and
more accurate with regard to their primary task performance. Presumably,
this was the case because focusing on one’s accuracy makes people more aware
of their errors and therefore more likely to try to avoid them.

Taken together, the findings reported in Chapter 2 imply that meta-
cognitive judgements are stable, easy to measure, do not impose additional
cognitive processing costs, nor do they require excessive training and famili-
arisation with the confidence scales. A perceptual decision-making paradigm
was furthermore introduced in this chapter, which provided a suitable context
in which metacognition can be measured with precise control of task difficulty.
Participants were found to have impressive metacognitive insight into their own
decisions with this paradigm and it was therefore used for the experiments in

the majority of the chapters in this thesis.

6.1.2 Confidence and error detection

The key question in Chapter 3 was whether two types of metacognitive judge-

ments — error detection and decision confidence — can be linked, given their
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conceptual and methodological similarities. EXPERIMENT 1 from the previous
chapter had already shown that participants’ metacognitive judgements are not
affected by the type of scale (binary or graded) with which they were meas-
ured. With this chapter, I followed up on the idea that binary error judgements
and confidence are two sides of the same coin, showing that there is a shared
neural basis of the two. More specifically, using a cross-classification approach,
I showed that subjectively-rated confidence varied with a well-characterised
EEG component of error awareness, the Pe. This effect was present even on
the single-trial level, as shown using multivariate pattern classification tech-
niques.

There is little compatibility between current theories of confidence and
error detection (Yeung & Summerfield, 2012, 2014). However, upon closer in-
spection, it becomes obvious that the theoretical assumptions proposed by
each line of research are by no means mutually exclusive, and can instead
be understood as complementing each other and potentially leading to an im-
proved theory of metacognition. For instance, any such integrative theory must
be able to explain graded confidence judgements (Vickers & Packer, 1982) —
similar to the balance-of-evidence mechanism assumed in many theories of
confidence — and should at the same time also explain why participants some-
times state with certainty that their just-given response was incorrect — similar
to the mismatch assumptions in many prominent theories of error detection
(Falkenstein et al., 1991; Gehring et al., 1993). Those theories often assume
that error detection happens after the decision was formed; that is, integrating
newly incoming information even after a choice has been formed (Rabbitt et
al., 1978; Yeung & Summerfield, 2012, 2014; Baranski & Petrusic, 1998).

Following on from my empirical evidence of links between error detec-

tion and confidence judgements, I proposed such a combined model of meta-
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cognitive judgements. My single-route model of metacognition in decision mak-
ing reflects all previously discussed findings: post-decision processing, changes
of mind and high-confidence errors, and graded as well as binary metacognitive
judgements relying on the same continuous metacognitive signal. At the heart
of my race model was a balance-of-evidence mechanism, similar to the previ-
ously suggested expanded race model proposed by Van Zandt and Maldonado-
Molina (2004): Metacognitive judgements are derived from post-decisional bal-
ance of evidence. The model was able to simulate the key data patterns from
my previous experiments as well as recent findings presented as a critical chal-
lenge to the idea of single-route models of metacognition (Charles et al., 2013),
leading me to suggest that it might be a suitable starting point for a formal
computational theory of metacognition in decision making aimed at combin-
ing theories of error detection and confidence judgements. Taken together, the
findings from EXPERIMENT 4 and the computational model suggest that it is
worthwhile linking two lines of research that have largely been studied separ-
ately — error detection and decision confidence — given that there is evidence

that both judgements rely on the same internal mechanisms.

6.1.3 Uses of metacognition

The previous chapters were largely focused on how decision making affects
metacognition. Chapter 4 instead asked how confidence judgements — once
formed — affect future decisions or, as in this case, attention to feedback. Meta-
cognitive evaluations are known to have impressive effects in cognitive control
(Fernandez-Duque et al., 2000). For example, studies on error monitoring have
shown that participants slow down after they detect an error (Laming, 1979;
Dutilh et al., 2012; Notebaert et al., 2009), presumably to prevent mistakes on

subsequent trials. Moreover, in the metamemory literature findings have been
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reported that suggest that participants use confidence as a cue in guiding the
allocation of study time, spending more time on items they are less confident
about (Nelson & Leonesio, 1988). Confidence also plays an important role in
social interactions (Bahrami et al., 2010; Shea et al., 2014), serving as a cue
as to how much weight should be assigned to each person’s opinion in a joint
decision-making process. While these are all examples of how confidence and
other metacognitive signals affect cognitive processing in various domains, the
question remains as to whether decision confidence affects decision making.
This question was therefore addressed in this chapter.

I hypothesised that participants would pay more attention to feedback
when they are in low certainty states, knowing that they guessed the answer. I
expected them to ignore feedback whenever they are certain about the outcome
of a decision, whether it is positive (sure correct) or negative (sure error). To
test this, EXPERIMENT 5 used the same multivariate pattern classification
techniques as EXPERIMENT 4 to infer single-trial confidence without requiring
overt metacognitive judgements from the participants.

However, the results did not reflect such an effect of confidence. In-
stead, there was an effect of feedback valence, as previously found in the lit-
erature (Yeung & Sanfey, 2004; Holroyd & Coles, 2002). Presumably, this
happened because negative feedback is a salient stimulus that draws attention
bottom-up, which however does not necessarily speak against an additional,
top-down effect of certainty for which the paradigm presumably lacked the
necessary level of power to detect it. Future studies are therefore necessary to
test the certainty hypothesis with an improved, more sensitive paradigm and
an improved classifier, for which several suggestions have been made. Taken
together, how confidence affects attention to feedback remains an open ques-

tion which I was unable to answer in this thesis. I am looking forward to
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following up on this question in the future with the improvements discussed

above to the paradigm.

6.1.4 Formation of metacognitive judgements

The experiments in Chapter 5 aimed to shed further light on how metacogni-
tive judgements are formed internally. The hypothesis tested in this chapter
was that multiple cues contribute to how confident participants report a choice
to be, similar to the hypothesis posed in the context of metamemory judge-
ments (Koriat, 1997; Leonesio & Nelson, 1990). In a recent collaboration, we
suggested that a range of such cues exists on system-I level, which is char-
acterised by automatic, fast and effortless processing (Shea et al., 2014), as
opposed to system-II processing, which is thought to be slow, effortful, and
conscious. According to this view, those system-I cues can be used internally
for purposes of cognitive control, or they can be combined to form a system-
IT metacognitive representation, which can then be expressed on a confidence
scale communicated verbally to optimally interact with other agents.

The results of EXPERIMENTS 6 to 8 indeed suggested that different
system-I cues had an influence on (system-II) confidence judgements, such as
accuracy of the choice, RT, but also stimulus characteristics. These cues can be
both inherent in the decision, as well as external in the form of heuristics, such
as RT. Interestingly, the variability of a stimulus had an influence on confidence
over and above its effect on first-order performance, which led me to suggest
that such stimulus variability can more naturally be translated into confidence.
This makes sense if we consider that according to a Bayesian perspective on
cognitive processing, every mental representation should be associated with an
internal reliability estimate, or spread of the evidence distribution (Ma et al.,

2006). Such variability estimates have previously been identified in the brain
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in the form of summary statistics (Michael et al., 2015; Alvarez, 2011; Pollard,
1984).

Moreover, findings from EXPERIMENT 7 suggested that tryptophan-
depleted participants are less likely to be affected in their decisions by stimulus
variance, but at the same time it seemed like they were more affected by stim-
ulus variance in their confidence judgements. However, this effect remained
very weak and needs to be further tested in future experiments. Overall,
tryptophan-depleted participants were found to be more confident, independ-
ent of whether or not they were correct.

The extended effect of stimulus variance on confidence was also ob-
served in an EEG study (EXPERIMENT 8), which furthermore revealed that the
influence of stimulus variability was also reflected in error-related brain activ-
ity and that such brain activity also correlated with a participant’s confidence.
The results showed that the Pe and not the ERN is more likely a correlate of
error awareness. Taken together, the results from this chapter highlighted that
multiple different cues contribute to metacognitive judgements, also suggesting
that stimulus variance plays a prominent role in the formation of metacogni-
tive judgements given that it is already in a format that can be described as

the ‘native language’ of confidence.

6.2 Why study metacognition in decision mak-
ing?

The findings reported in this thesis highlight several reasons why metacogni-
tion in decision making plays an important role in human cognition and why
it is therefore a worthwhile object of study. People are capable of reporting

metacognitive judgements with impressively high accuracy. Presumably, intro-
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spection is precise because it is driven by cues that are directly or indirectly
linked to the decision or that drive decision accuracy (Schwartz & Diaz, 2014),
such as stimulus variance. Metacognitive performance might be impaired in
the case of some clinical groups, however, such as people diagnosed with schizo-
phrenia (David, Bedford, Wiffen & Gilleen, 2012; Charles, 2013), OCD (Tolin
et al., 2001; Ben Shachar et al., 2013), or depression (Dunlosky & Metcalfe,
2009). On a related note, it would be worthwhile to gain more understanding of
how metacognitive insight develops over the lifespan (Weil et al., 2013; Palmer,
David & Fleming, 2014), a question closely linked to issues in research on the-
ory of mind (Meltzoff & Gopnik, 2013; Happé, Winner & Brownell, 1998). To
conclude, various people might have impaired metacognition that contributes
to the difficulties they face in everyday life, so understanding the nature of
those metacognitive deficits might be helpful to them. This is therefore the
first reason why I believe metacognition is a worthwhile object of study.

A second reason why metacognition in decision making is worthwhile
studying is its already discussed crucial role in social interactions (Shea et
al., 2014; Bahrami et al., 2010) and cognitive control (Yeung & Summerfield,
2012, 2014; Fernandez-Duque et al., 2000). In this thesis, I have assumed
that metacognitive judgements are omnipresent, which means every mental
process or representation is accompanied by system-I cues such as stimulus
variance or evidence reliability (Beck et al., 2008; Fiser et al., 2010; Ma et
al., 2006) that can be utilised to optimise behaviour if needed. Often, people
have to learn without external feedback. In such situations, metacognition
can serve as an internal feedback system, therefore enabling successful learn-
ing. Future research should therefore ultimately be focused on how these
interactions and instances of cognitive control can be improved through the

study of their underlying metacognitive processes, potentially even with the
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goal to develop training programmes that helps people from the affected risk
populations to develop more precise metacognitive judgements. Arguably, this
could be achieved using a mindfulness training approach, which is known to
improve interoceptive attention (Farb, Segal & Anderson, 2013) and meta-
cognitive awareness (Teasdale et al., 2002; Jankowski & Holas, 2014). Such
mindfulness interventions have been shown to reduce ruminative thought in
clinical depression (Ramel, Goldin, Carmona & McQuaid, 2004) and to de-
crease mind wandering in the general population (Mrazek, Franklin, Phillips,
Baird & Schooler, 2013).

A third reason in favour of studying metacognition is that it constitutes
an interesting tool for studying other cognitive processes, such as decision mak-
ing. In the case of value-based decision making, for example, a recent study by
De Martino et al. (2013) has suggested that confidence reflects the difference
in value between the chosen and an unchosen choice alternative, similar to a
balance-of-evidence mechanism. Other cases in which confidence sheds light
on underlying decision processes is post-decision processing as well as choice
reversals (Van Zandt & Maldonado-Molina, 2004). Moreover, Zylberberg et al.
(2012) have argued that if confidence depends on a balance-of-evidence mech-
anism — as suggested by their model comparison approach — then underlying
the first-order decision must also be a race model, rather than integrated accu-
mulation of balance of evidence as assumed by diffusion-model approaches. In
other words, the nature of confidence in decisions constrains possible theories
of how those decisions are made. Metacognition can therefore be regarded
as a window into cognitive control and decision making and not just as noise
in evidence accumulation. Therefore, accounts of confidence ought to be in-
corporated into theories of decision making to provide explanations for this

dependent variable in addition to the usually studied accuracy and RT.
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6.3 Future directions

In this thesis, decision confidence was studied only in the context of perceptual
decision-making paradigms. Limiting my experiments to only this type of task
was a deliberate decision, as discussed in Chapter 1: Perceptual choices are
largely driven by external stimulus properties and therefore provide precise
experimental control over the noisy evidence on which decisions are based
(Gold & Shadlen, 2007). Real-world decision making, on the other hand, can
be far more complex, but within this complexity lie several challenging, but
useful extensions of existing work, two of which I would like to discuss here.
First, many real-world decisions are based on internal value represent-
ations: The decision maker is faced with various objects, each associated with
a subjective, internal value. The decision maker’s choice should reflect under-
lying preferences. Confidence in such neuroeconomical choices has — to the
best of my knowledge — so far only been studied by De Martino et al. (2013),
who suggested that confidence is a function of a difference in value — much like
classical balance-of-evidence models (Vickers & Packer, 1982). One potential
challenge for the study of such value-based decision confidence is the fact that
value is difficult to measure objectively and often based on a history of life-
long exposure to the items in question. However, even if exposure is largely
controlled for in laboratory experiments — for example, through multi-armed
bandit tasks in which participants learn the value of different lotteries over
time — there exists a second challenge for the study of value-based confidence:
Representations of value can be noisy and can develop over time. For instance,
the more familiar people are with a lottery, and the less variable the lottery’s
outcomes have been over time, the less uncertainty should be associated with

the value of this lottery. Importantly, such uncertainty can exist on a purely
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first-order basis (Bach & Dolan, 2012), meaning that it is inherent in how value
representations are stored (Ma et al., 2006), and is therefore qualitatively dif-
ferent from metacognitive, and therefore re-evaluative confidence, as studied in
this thesis (Shea et al., 2014). However, as suggested in Chapter 5, increases in
stimulus uncertainty lead to decreases in confidence. This evidence was found
in the context of a classification task regarding the colour of the stimulus. This
is also shown in the left panel of Figure 100: The distribution represents an
internal estimate of the relevant stimulus dimension, in this case colour value.
This estimate is associated with a certain degree of uncertainty, shown here
as the spread of the distribution. This first-order uncertainty has an influ-
ence on confidence. It might be worthwhile to extend this approach using a
comparative decision task, which would thus require participants to integrate
first-order uncertainty from different sources of evidence. This extension is
shown in the right panel of Figure 100: Two objects or stimuli are compared
on an internal task-relevant dimension, such as value. The estimated value of
each of these items is represented with a different precision — expressed in the
spread of the respective distribution. The question is whether and how these
uncertainties are integrated regarding their effect on decision confidence. Such
an approach could shed light on how first-order uncertainty is ‘translated’ into
second-order uncertainty, or confidence, therefore linking the lines of research
on uncertainty and metacognition.

A second way in which real-world decisions are more complex than the
perceptual decisions studied in this thesis is that they are usually hierarchical
(Botvinick, 2008): They can be regarded as being organised to serve different
subgoals, whilst ultimately aimed towards reaching certain higher-order goals.
For instance, when humans or animals forage for food, they face the constant

lower-level decisions of whether they should stay in a given situation or try
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First-order
Processes

>

Value Value

Figure 100: Influence of first-order uncertainty, reflected in the spreads of the
distributions, on decision confidence. The left panel shows a classification task,
similar to the one reported in Chapter 5. The right panel shows a comparison
of two items on a task-relevant dimension, such as value.
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something new at the risk of worsening the current reward level (Kolling,
Behrens, Mars & Rushworth, 2012) — all while aiming to optimise food intake
or survival as a higher-level goal. This tradeoff is known as an exploration-
exploitation dilemma. Information seeking in the general sense of uncertainty
reduction has been suggested as a mechanism to manage this tradeoff: People
have been observed to choose to explore especially when the to-be-explored
choice option would result in reducing the uncertainty (Frank et al., 2009;
Badre et al., 2012). These findings have usually been interpreted as evidence
of how first-order uncertainty affects decision making. The question arises as
to whether decision confidence also serves as such a cue to the arbitration
between exploration and exploitation. For instance, one could expect that
participants are more likely to explore after a run of low-confidence trials, which
might be interpreted as a signal that there is insufficient evidence regarding
the value difference between the choice option and therefore exploration is
necessary. This would constitute another example of how metacognition is

used to enhance cognitive control, as studied in Chapter 4.

6.4 Conclusion

The research discussed in this thesis has investigated metacognition in de-
cision making. Across all the experiments reported here it was shown that
people have accurate insight into the accuracy of their perceptual decisions.
In this context, experiments have shown that metacognitive judgements are
stable, straightforward to measure, and do not lead to additional processing
costs. Moreover, a range of different cues on the basis of which confidence
judgements are formed have been identified. Critically, the findings presented

here indicate that amongst those cues, stimulus variance is a very promin-
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ent one, influencing confidence more strongly and more directly compared to
signal strength. Furthermore, error detection and decision confidence — two
metacognitive functions that have commonly been treated separately — have
been linked here, suggesting that theoretical insights into each process could
potentially be transferred to and constrain theorising about the other. Finally,
how confidence affects feedback processing remains and open question and will
have to be investigated into in the future together with the question how pre-
cisely metacognitive judgements are used internally to enable cognitive control

and guide decision making in more complex real-world scenarios.
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Appendix A

EXPERIMENT 5: Does decision

confidence predict attention to

feedback?

A.1 Staircase procedure

The difficulty for each participant was set using a staircase algorithm, inspired
by the up-down staircase method developed by Kaernbach (1991) and used in
Steinhauser and Yeung (2010). In the first four blocks of the experiment, which
were 64 trials long each, the staircase adjusted the difficulty while participants
familiarised themselves with the dot task. No confidence judgements were
required in this block and no feedback was given. In this block, participants
were asked to respond as accurately as possible and difficulty was adjusted so
that an error rate of about 15% was obtained. The first trial had a difficulty
of 2000 — that means there were 1048 dots on one side and 3048 on the other
side. This very easy level of difficulty was reduced by steps of 200 over the

first six trials until it reached a difference of 800 dots. This was done to ease
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participants into the task. The program then changed the difficulty after every
response, making the task more difficult after correct responses and easier after
errors. The steps by which difficulty was adjusted were relatively large in the
beginning, and then reduced twice until adjustments were made in only small
steps. In the beginning, the adjustments were 44 dots (to make trials easier)
and 8 (to make trials more difficult). As soon as the last 20 trials showed an
error rate of between 15 and 20%, these in- and decrements were adjusted to
22 dots (to make trials easier) and 4 (to make trials more difficult). Twenty
trials after this adjustment, the mean error rate of the previous 20 trials were
tracked again. If it reached an error rate within 15 and 20%, the in- and
decrements were adjusted once more to 10 dots (to make trials easier) and 2
(to make trials more difficult). Repeatedly decreasing the step-size ensured
convergence of the staircase at 15 to 20% errors.

Again, replicating the procedure from Steinhauser and Yeung (2010),
blocks 5 and 6 were similar to the previous blocks, only that now participants
were asked to respond as quickly as possible. These blocks were 32 trials long
each. Difficulty was not adapted during these blocks, but the experimenter
monitored the participants’ error rates, encouraging them to go faster so that
the overall error rate was doubled to about 30%, now including both slow
data-limitation errors, as well as fast-guess errors (Scheffers & Coles, 2000).

In blocks 7 to 12 (each containing 32 trials), participants were asked
to make binary error judgements after each dot decision, using their index fin-
gers. Only binary error signalling information was required for the staircase, I
therefore did not use a graded scale as in the previous experiments. There was
again no immediate feedback given after their responses. However, how often
the error or correct category was chosen was presented on screen after the first

of these blocks, giving the experimenter the opportunity to discuss with par-
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ticipants how well their error signalling matched the actual task performance
and encouraging them to pay close attention to this rating.

Difficulty was again adjusted in this part to ensure that participants
would detect about half of their errors. For that reason, the task was made
more difficult if a correct response was given (decreasing the difference in
dots by 2 dots), but only after undetected errors, the task was made easier,
increasing the difference in dots by 8 dots. In contrast to Steinhauser and
Yeung (2010), no adjustments in difficulty were made after detected errors.
For all following blocks, the level of difficulty did not change.

Throughout the entire study, not just the staircase part, participants
received feedback after each block, both with regard to their average correct
RT, and their average error rate. During blocks 7 to 12, however, this feedback
was accompanied by a sentence that aimed at pushing participants’ perform-
ance further towards a more balanced equal number of detected and undetected
errors: If the ratio of the number of detected and undetected errors was smal-
ler than 0.8, participants were reminded to “Please keep in mind to react as
QUICKLY as possible!”. If this message was not shown, however, and they
committed more than 40% errors in the previous block, they saw the message
“Please try to be more accurate!” displayed along their performance feedback.

Figure 101 shows the block-wise development of error rates (bars) and
difficulty levels (connected dots). Blocks in which difficulty was adjusted are
highlighted in blue. There was a substantial increase in difficulty (i.e., decrease
in dot difference) from block 1 to block 2, due to the fact that the first trials
in block 1 were designed to be particularly easy to ease participants into the
task. First, the task was made more and more difficult over the course of the
first four staircase blocks. An average error rate of 15% was aimed for in these

blocks, and participants indeed committed 13.2% errors in the last of these
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blocks. Blocks 5 and 6 introduced speed stress with the aim of increasing
error rates to 30%. Indeed, error rates had increased to 32.8% by the end
of block 6. The second part of the staircase aimed for a 2:3 to 1:1 ratio
of detected and undetected errors, that means the shaded dark red and red
proportions of the bars should be similar. Overall, the task was adjusted
towards a higher level of difficulty in these blocks. There were still more
detected errors (M = 17.5%) than undetected errors (M = 11.6%) by the end
of block 12. Difficulty was not adjusted thereafter. The last three blocks of
the experiment introduced the confidence scale. The proportion of detected
errors had increased to (M = 20.4%) by the end of the experiment. However,
roughly two thirds of all errors were still undetected (M = 9.4%), ensuring
enough trials for the planned analyses. It can therefore be concluded that the

staircase worked as desired.
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® Staircase blocks
® Block without adjustment of difficulty

Blocks with metacognitive judgement

2 Correct, classified as correct
A Correct, classified as error
2 Error, classified as correct

20 Error, classified as error

N

Blocks without metacognitive judgement

B Correct
B Error
- Difficulty
400
Percent o | 200
AV Ak
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Block

Figure 101: Development of performance (bar plots) and difficulty (filled
circles) over blocks. The filled, blue circles represent blocks in which difficulty
was adjusted via a staircase procedure. The scale of difficulty corresponds to
the difference in dots out of a square of 4096 possible locations. Blocks in
which participants were required to rate their confidence or detect their er-
rors are highlighted in diagonally shaded bars with darker colours representing
correctly classified proportions of trials.
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A.2 SPN as a function of classifier bin: Results

from the full four-way ANOVA model

Table 3: SPN full ANOVA. Bin: classifier quartile; Lat: lateral scalp location
(left, centre, and right); Anteropost: anteroposterior scalp location (frontal,
fronto-central, central, posterio-central, and posterior); Time: time window
(-800 to -600 ms, -600 to -400 ms, -400 to -200 ms, -200 to 0 ms.

Factor names Statistical effect

Bin F<1

Lat F(2, 32) =13.6, p < 0.001, np—046

Anteropost F(1.7, 26.4) = 16.8, p < 0.001, n; =
0.51

Time F(1.7, 26.9) = 31.8, p < 0.001, 72 =
0.67

Bin x Lat F<1

Bin x Anteropost F(2.8, 44.3) = 3.0, p = 0.04, 772 =0.16

Lat x Anteropost F(8, 128) = 2.7, p < 0.01, 7712) =0.14

Bin x Time F(3.6, 57.7) = 3.0, p = 0.03, 72 = 0.16

Lat x Time F(3.1, 49.3) = 1.5, p = 0.23, 7]]2) = 0.08

Anteropost x Time F(1.7, 27.8) = 23.0, p < 0.001, 7712, =
0.59

Bin x Lat x Anteropost F<1

B 5 Lt 5 i F(18, 288) = 1.5, p = 0.10, n? = 0.08
Bin x Anteropost x Time F(36, 576) = 1.6, p = 0.01, nﬁ =0.09
Lat x Anteropost x Time F(24, 384) = 7.8, p < 0.001, 772 =0.33
Bin x Lat x Anteropost x Time F(72, 1152) = 1.0, p = 0.38, 12 = 0.06

A.3 SPN as a function of feedback valence: Res-

ults from the full four-way ANOVA model

414



Appendix A

Table 4: SPN full ANOVA. Bin: classifier quartile; Lat: lateral scalp location
(left, centre, and right); Anteropost: anteroposterior scalp location (frontal,
fronto-central, central, posterio-central, and posterior); Time: time window

(-800 to -600 ms, -600 to -400 ms, -400 to -200 ms, -200 to 0 ms.

Factor names Statistical effect

Err F(1, 16) = 2.1, p=0.16, 72 = 0.12

Lat F(2, 32) = 12.1, p < 0.001, 72 = 0.43

Anteropost F(1.7, 26.6) = 15.1, p < 0.001, n; =
0.49

Time F(1.8, 28.1) = 27.8, p < 0.001, 72 =
0.64

Err x Lat F<1

Err x Anteropost F(1.5, 24.6) = 2.1, p=0.15, 77; =0.12

Lat x Anteropost F(3.7, 58.9) = 2.8, p=10.04, n; = 0.15

Err x Time F(3, 48) =19.3, p < 0.001, 17[2) = 0.55

Lat x Time F(3.0, 48.4) = 1.7, p = 0.18, 772 =0.10

Anteropost x Time F(1.6, 26.1) = 19.3, p < 0.001, n; =
0.55

Err x Lat x Anteropost F(1.5, 24.7) =2.2, p=0.14, 772 =0.12

Err x Lat x Time F(3.1, 49.6) = 3.5, p = 0.02, 772 =0.18

Err x Anteropost x Time F(2.5, 40.3) = 4.7, p < 0.01, 772 =0.23

Lat x Anteropost x Time F(24, 384) = 6.1, p < 0.001, 2 = 0.28

Err x Lat x Anteropost x Time F <1

A.4 N2pc as a function of classifier bin: Results

from the full five-way ANOVA model

Table 5: N2pc full ANOVA. Bin: classifier quartiles; Stim: side on which
the stimulus was shown; Resp: response hand; Elec: electrode pair (P7/P8,
P3/P4, and O1/02); Time: time window (100 to 200 ms, 140 to 240 ms, 180
to 280 ms, 220 to 320 ms.

Factor names Statistical effect
Bin F(1.7, 26.7) = 3.5, p = 0.05, 7712) =0.18
Continued on next page
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Table 5 — continued from previous page
Factor names Statistical effect

Stim F(1, 16) = 2.7, p=0.12, 77]2) =0.14
Resp F<1

Time F(1.8, 29.5) = 4.2, p =0.03, 772 =0.21
Elec F(2, 32) =175, p < 0.001, 7712, =0.52
Bin x Stim F(1.8, 29.3) = 1.0, p = 0.39, 771% = 0.06
Bin x Resp F<1

Stim x Resp F<1

Bin x Time
Stim x Time

F(4.7, 74.4) = 2.0, p = 0.09, n; = 0.11
F(1.6, 25.7) = 11.5, p = 0.001, n2 =
0.42

Resp x Time F(1.7, 27.6) = 4.2, p = 0.03, 7]22, =0.21
Bin x Elec F(2.2, 34.8) = 1.6, p=0.22, 7]12, =0.09
Stim x Elec F(2, 32) =2.7, p=0.08, 77}2, =0.14
Resp x Elec F(2, 32) =23, p=0.12, 2 =0.13
Time x Elec F(2.7, 42.8) = 6.3, p < 0.01, 77; =0.28
Bin x Stim x Resp F<1

Bin x Stim x Time F<1

Bin x Resp x Time F<1

Stim x Resp x Time F<1

Bin x Stim x Elec F<1

Bin x Resp x Elec F<1

Stim x Resp x Elec F<1

Bin x Time x Elec F<1

Stim x Time x Elec F(2.9, 45.7) = 4.3, p=0.01, 77}2, =0.21
Resp x Time x Elec F<1

Bin x Stim x Resp x Time F(2.7, 43.0) = 1.3, p=10.29, 7 = 0.07
Bin x Stim x Resp x Elec F(1.7, 26.6) = 1.4, p = 0.25, 77]2) = 0.08
Bin x Stim x Time x Elec F<1

Bin x Resp x Time x Elec F<1

Stim x Resp x Time x Elec F<1

Bin x Stim x Resp x Time x Elec  F(18, 288) = 1.3, p = 0.16, 772 = 0.08

A.5 N2pc as a function of feedback valence: Res-

ults from the full five-way ANOVA model
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Table 6: N2pc full ANOVA. Err: objective accuracy or feedback valence;
Stim: side on which the stimulus was shown; Resp: response hand; Elec:
electrode pair (P7/P8, P3/P4, and O1/02); Time: time window (100 to 200
ms, 140 to 240 ms, 180 to 280 ms, 220 to 320 ms.

Factor names

Statistical effect

Err

Stim

Resp

Time

Elec

Err x Stim
Err x Resp
Stim x Resp
Err x Time
Stim x Time

Resp x Time

Err x Elec

Stim x Elec

Resp x Elec

Time x Elec

Err x Stim x Resp

Err x Stim x Time

Err x Resp x Time

Stim x Resp x Time

Err x Stim x Elec

Err x Resp x Elec

Stim x Resp x Elec

Err x Time x Elec

Stim x Time x Elec

Resp x Time x Elec

Err x Stim x Resp x Time
Err x Stim x Resp x Elec
Err x Stim x Time x Elec
Err x Resp x Time x Elec
Stim x Resp x Time x Elec
Err x Stim x Resp x Time x Elec

F(1, 16) = 2.4, p = 0.14, nz =0.13
F(1, 16) = 4.7, p = 0.04, 775 =0.23

F <1

F(1.8, 29.5) = 4.6, p = 0.02, 7712; =0.22
F(2, 32) =13.8, p < 0.001, 772 = 0.46
F <1

F<l1

F(1, 16) = 1.1, p = 0.30, 7712) = 0.07
F(1.7, 27.2) = 2.4, p=0.11, 77;2, =0.13
F(1.6, 26.1) = 10.2, p = 0.001, 77;2, =
0.39

F(1.8, 29.5) = 3.6, p = 0.04, 771% =0.18
F<1

F(2, 32) = 1.6, p=0.23, 772 = 0.09
F(2, 32) = 1.7, p = 0.20, 771% = 0.10
F(2.5, 39.5) = 5.6, p < 0.01, 772 =0.26
F(1, 16) = 6.3, p = 0.02, 772 = 0.28
F<l1

F<1

F <1

F <1

F<1

F<l1

F(3.0, 48.7) = 1.5, p = 0.23, 772 = 0.09
F(3.0, 48.3) =4.2, p=0.01, 773, =0.21
F<l1

F<1

F(2, 32) =2.0, p=0.15, 77]2) =0.11
F<1

F <1

F(2.9, 46.9) = 1.2, p=0.31, 77}% = 0.07
F(2.6, 41.5) = 1.1, p = 0.35, 7773 = 0.07
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A.6 P3 results from the full four-way ANOVA

model

Table 7: P3 full ANOVA. Cert: classifier certainty (high and low); Conf:
classifier confidence (high and low); Elec: electrode (FZ, FCZ, CZ, CPZ, and
PZ); Err: accuracy (error and correct); Time: time window (100 to 200 ms,
140 to 240 ms, 180 to 280 ms, 220 to 320 ms.

Factor names Statistical effect

Bin F(3, 48) = 1.8, p= 0.15, n2 = 0.10

Elec F(1.8, 29.3) = 15.1, p < 0.001, 72 =
0.48

Err F <1

Time F(1.5, 24.0) = 27.9, p < 0.001, n? =
0.64

Bin x Elec F(5.3, 85.0) = 1.1, p=0.37, 12 = 0.06

Bin x Err F(3, 48) = 2.1, p=0.11, nz =0.12

Elec x Err F(1.6, 25.9) = 2.8, p =0.09, 772 =0.15

Bin x Time F <1

Elec x Time F(1.7, 27.5) = 6.0, p < 0.01, ; =0.27

Err x Time F(1.8, 28.3) = 4.2, p=0.03, 772 =0.21

Bin x Elec x Err F(4.5, 71.2) = 1.1, p = 0.35, 7712) =0.07

Bin x Elec x Time F(36, 576) = 2.1, p < 0.001, 7712, =0.12

Bin x Err x Time F(3.0, 48.1) = 1.9, p = 0.15, 7]3, =0.10

Elec x Err x Time F <1

Bin x Elec x Err x Time F(36, 576) = 3.2, p < 0.001, 7]12, =0.17
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EXPERIMENT 6 — Signal reliability

affects metacognitive judgements

B.1 First-order effects for the two median-split
groups

For the median-split group with the small difference in correct RTs, there was
again a main effect of stimulus mean on correct RTs, F(1, 9) = 38.9, p <
0.001, 77; = 0.81, and error rates, F'(1, 9) = 110.3, p < 0.001, 77; =0.92. The
main effect of stimulus variance was replicated for both correct RTs, F(1, 9) =
54.6, p < 0.001, 7}3 = 0.86, and error rates, F((1, 9) = 40.6, p < 0.001, 7]]2) =
0.82. The two factors showed an interaction only for error rates, F/(1, 9) =
6.5, p = 0.03, 77;2) = 0.42, and not for correct RTs, I’ < 1.

The other median-split group showed a reliable difference in correct
RTs between the two medium conditions, ¢(9) = 5.7, p < 0.001, but no differ-
ence in error rates, t < 1, BFyypr = 2.77. This group also showed a main
effect of stimulus mean on both correct RTs, F'(1, 9) = 41.2, p < 0.001, 7712, =

0.82, and error rates, F'(1, 9) = 87.2, p < 0.001, 7712) = 0.91, as well as a reliable
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effect of stimulus variance on correct RTs, F'(1, 9) = 47.5, p < 0.001, 7]12, =
0.84, and error rates, F'(1, 9) = 59.2, p < 0.001, 7712) = 0.87. Once more, a reli-
able interaction was found only for error rates, F'(1, 9) = 5.7, p = 0.04, 1712) =

0.39, and not for correct RTs, F' < 1.

B.2 Confidence effects for the two median-split
groups

For the sake of completeness, confidence analysis for the two median-split
groups will be reported here. These data are presented in Table 8. For the
median-split group with the small difference for correct RTs, there was a re-
liable main effect of stimulus mean, F'(1, 9) = 49.8, p < 0.001, 772 = 0.85.
Participants were more confident in the high mean condition on correct tri-
als, and less confident in the high mean condition on error trials. This pattern
was also reflected in a reliable interaction between stimulus mean and accuracy,
F(1, 9) = 74.9, p < 0.001, n; = 0.89. There was also a reliable effect of accur-
acy, F'(1, 9) = 83.4, p < 0.001, 7712, = 0.90, with higher confidence on correct,
M = 5.0, compared to error trials, M = 3.3. There was, however, no reliable ef-
fect of stimulus variance, F' < 1. Stimulus mean and variance showed a reliable
interaction, F'(1, 9) = 8.0, p = 0.02, 'r]; = 0.47, as well as stimulus variance
and accuracy, F'(1, 9) = 184, p < 0.01, 772 = 0.67. There was also a margin-
ally significant three-way interaction, F'(1, 9) = 3.9, p = 0.08, 7]72, = 0.30.

For the median-split group with the larger difference in correct RTs,
there was no reliable effect of stimulus mean, F'(1, 9) = 2.7, p = 0.14, 772 =
0.23, but instead of stimulus variance, F'(1, 9) = 6.4, p = 0.03, 7712, = 0.42.
This effect was again in opposite directions for correct and error trials, with

higher confidence for low variance trials compared to high variance trials for
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corrects and the reverse pattern for error trials. This effect was also reflected in
a significant interaction between stimulus variance and the objective accuracy
of the trial, F'(1, 9) = 15.1, p < 0.01, 777127 = 0.63. This group also showed
an effect of objective accuracy with higher confidence for correct, M = 4.89,
compared to error trials, M = 3.38, F'(1, 9) = 69.6, p < 0.001, 77127 = 0.89.
Stimulus mean and accuracy showed a reliable interaction, F'(1, 9) = 33.1, p <
0.001, 77; = 0.79, in the same direction as for the other median-split group.
No other interactions were significant, F's < 1. For this median-split group,
there was a reliable difference in confidence between medium conditions only
for correct, t(9) = 3.2, p = 0.01, but not for error trials, t(9) = 1.4, p =

0.20, BEyyrL = 1.53.

Table 8: Median split groups

Groups Small RT difference Large RT difference
Mean high low high low
Variance low high low high low high low high
Correct RTs (ms) 590 652 647 704 608 708 652 753
Error Rate 0.05 0.11 0.15 0.24 0.06 0.13 0.14 0.26

Confidence (cor) 54 50 51 46 54 47 51 4.4
Confidence (err) 25 3.1 36 38 3.0 33 35 3.7
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EXPERIMENT 8 — Neurophysiological

mechanisms of stimulus mean and

variance processing

C.1 Average confidence

The good metacognitive resolution of participants was also reflected in the re-
liable difference between average correct- and error-trial confidence, as plotted
in the two panels of Figure 93, F'(1, 15) = 72.3, p < 0.001, 7722, = 0.83: Par-
ticipants were more confident on correct than on error trials. As can be seen
in the figure, the grey line lies on top of the black line in the left panel, but
the order of lines is reversed in the right panel. In other words, participants
were more confident for the easier, high mean condition on correct trials and
less confident on error trials. This was expressed in a reliable interaction
between stimulus mean and accuracy, F/(1, 15) = 26.7, p < 0.001, 772 = 0.64.
If tested separately, there was indeed a reliable main effect for both errors,

F(1, 15) = 28.5, p < 0.001, 77?, = 0.66, and correct trials, F'(1, 15) =17.5, p <
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0.001, 7]12) = 0.54. There was no reliable overall main effects of stimulus mean,
F(1, 15) = 1.3, p = 0.27, 77]3 = 0.08. There was also a reliable interaction
between stimulus variance and accuracy, F'(2, 30) = 4.6, p = 0.02, 7712, = (.23,
but only for correct trials was there a reliable main effect of stimulus variance
with higher confidence for the easier, low variance conditions, F'(2, 30) =
16.5, p < 0.001, 7722, = 0.52. The opposite pattern was not found for the error
trials, F'(2, 30) = 1.4, p = 0.27, 77]2) = 0.08. Overall, there was a reliable main
effect of stimulus variance, F'(2, 30) = 10.2, p < 0.001, 775 = 0.40. Finally,
stimulus mean and variance did not interact, F' < 1, neither for the correct,
F(2, 30) = 1.1, p = 0.36, 7713 = 0.07, nor the error trials, F’ < 1, if analysed
separately. This is also expressed in a null effect for the three-way interaction

between stimulus mean, stimulus variance, and accuracy, F' < 1.

C.2 Comparing the influence of stimulus mean
and variance on confidence

Findings from EXPERIMENTS 6 and 7 suggested that stimulus variance — and
not stimulus mean — explains confidence over and above its effect on first-order
performance. The question arises as to whether this also applied here. Similar
individual regression models were therefore fitted to the data with the results
shown in Figure 94. The first model, the normative model, or null model is
shown in the left-most bars. In this model, only accuracy predicts confidence.
The regression weights for this predictor were reliably different from zero,
t(15) = 14.1, p < 0.001, as can also be seen in the upper panel of Figure
94, which displays the (signed) ¢-value for this test. This value is positive,
meaning that accuracy and confidence are positively correlated, as would have

been expected: The more accurate a participant is, the more confident he will
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be. This model already explained a substantial proportion of variance in the
data, R? = 0.59. The R? values are shown in the medium panels of Figure 94.
The BIC of this model was 9.24, as shown in the bottom panel of Figure 94.

This null model can then be compared to a slightly more complex
model, model 1. This model adds RT as an additional predictor. Both pre-
dictors were reliably different from zero, ts >= 4.1, ps < 0.001. The absolute
t-values shown in Figure 94 show that RT had a negative t-value, meaning
that the higher RT was, the less confident participants judged their responses,
as would have been expected according to the time heuristic. On average, this
model explained slightly more variance with an R? of 0.70. The question is
though, whether this increase in explained variance was ‘worth’ adding an-
other predictor. The BIC was lower, BIC = 7.65, suggesting a better model
fit. However, the difference in BIC values was not reliable over participants,
t(15) = 1.7, p = 0.12. This suggests that adding RT as an additional predictor
does not hurt the goodness of fit, but it also does not reliably increase it.

Model 2a adds stimulus mean as a third predictor. As in the pre-
vious model, both accuracy and RT were reliable predictors of confidence,
ts >= 3.6, ps < 0.01. Stimulus mean, however, did not predict confidence sig-
nificantly, ¢(15) = 1.1, p = 0.29. The explained variance was almost identical
to model 1, R? = 0.71, and the mean BIC was even increased, BIC = 9.14,
suggesting that this model’s goodness of fit was actually worse compared to
model 1. This difference in the fits of the two models was indeed reliable,
t(15) = 3.3, p < 0.01, suggesting that the model with only accuracy and RT
ought to be preferred over the more complex model, which also includes stim-
ulus mean as a predictor. Stimulus mean does not seem to explain confidence
over and above its effect on accuracy and RT.

A similar model was then tested for accuracy, RT, and stimulus vari-
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ance, model 2b. For this model, all three predictors were reliably different
from zero, ts >= 2.5, ps <= 0.02. RT was again negatively correlated with
confidence, as was stimulus variance: The more variable a stimulus was, the
less confident people judged their responses, echoing findings from the previ-
ous two experiments. Compared to model 1, this model explained numerically
more variance, R? = 0.84. Whether this increase in explained variance justi-
fied the additional parameter was tested by comparing the BIC values of the
two models across participants. The BIC of model 2b was indeed reduced,
BIC = 2.09, and this reduction was reliable, ¢(15) = 2.7, p = 0.02. This
suggests that stimulus variance is a meaningful parameter when explaining
confidence, which affects confidence judgements over and above its influence
on accuracy and RT.

Finally, model 3 was the most complex model with all four variables
predicting confidence. Only accuracy, ¢(15) = 7.2, p < 0.001, and stimulus
variance, t(15) = 2.5, p = 0.03, were reliable predictors of confidence. RT,
however, was only marginally significant, ¢(15) = 2.1, p = 0.05, and so was
stimulus mean, ¢(15) = 2.0, p = 0.07. The reason why RT was no longer a
reliable predictor of confidence was presumably that RT shared a substantial
amount of variance with both stimulus mean and variance, which was reduced
when both variables were included into the model and their shared variance
components therefore excluded. Overall, this model explained the most vari-
ance, R? = 0.87, and also had the best goodness of fit, BIC' = 1.12. When
compared to both models with only three predictors, only the step from model
2a to model 3 was significantly better, t(15) = 2.8, p = 0.01. Adding stimulus
mean to the regression model with accuracy, RT, and stimulus variance (model
2b) did not reliably increase the goodness of fit, though, ¢ < 1.

Taken together, these findings are highly consistent with what was
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reported for the previous two studies: People’s confidence was not just by
first-order performance such as accuracy and RT, but also by the variance of
the stimulus and this effect was present over and above the effect stimulus

variance had on accuracy and RT. This was not found for stimulus mean.

C.3 ERN amplitude as a function of difficulty

For an analysis of the ERN (presented in Figure 99) in relation to difficulty
condition, scalp activity averaged over the time window of the ERN (-30 to
70 ms as in previous analyses for this data set) were submitted to a repeated-
measures ANOVA with anteroposterior scalp location, stimulus mean, and
variance as factors. As previously reported, there was a reliable effect of
location, F'(2.0, 29.5) = 16.8, p < 0.001, 775 = 0.53, reflecting that the
voltages were strongest (i.e., most negative) at the most frontal electrode FZ,
M = —1.17. There were, however, no main effects of neither stimulus mean
nor variance, F's < 1. The interaction between location and stimulus mean was
found to be marginally significant, (2.1, 31.3) = 2.6, p = 0.08, 77]2) = 0.15.
This reflected the fact that the difference between the low and the high mean
condition was largest for the more frontal electrodes and decreased monoton-
ically towards the rear of the head; Mpy; = 0.17 puV, Mpcz = 0.14 uV,
Mgcy; = —0.06 uV, Meopy; = —0.15 uV, Mpy; = —0.32 uV. The inter-
action between the location and stimulus variance was not reliable, though,
F(2.9, 43.1) = 1.2, p = 0.34, 77]2, = 0.07. Stimulus mean and variance also did
not show an interaction, F' < 1, but there was a reliable three-way interaction,
F(3.2, 48.1) = 5.0, p < 0.01, 77;3 = 0.25. When comparing the two medium
conditions, which were matched for first-order task performance, none of the

electrode locations showed a reliable difference, ts <= 1.5, ps >= 0.15.
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