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Abstract 
People often seek advice during decision-making and people consistently exhibit preference 

for confidently given advice. Recent work suggests that advisees’ evaluation of adviser 

confidence is not one-dimensional and considers a variety of factors, such as the level of 

uncertainty in the decision-making context. The current thesis extends this notion and examines 

whether advisees make complex inferences about adviser confidence in three experimental 

chapters. The first line of research investigates whether adviser confidence is evaluated in 

relation to the advice-taking context and if advisees are sensitive to the subtle cues of 

competence embedded in adviser confidence. More specifically, advisees’ perception and 

advice adoption of advice given in context-appropriate linguistic expressions was investigated. 

Across five experiments, advisees showed limited attention to the congruency between advisers’ 

linguistic expression and type of uncertainty prevalent in the advice-taking context. The second 

experimental chapter explored how the discrepancy between external information ambiguity 

and adviser confidence is processed. Three experiments examined the processing of highly 

confident advice when external information is variable and the impact of uncertain advice 

despite clear external information. The results showed that in the former situation, advisees 

tend to become less confident when an adviser disagrees with their initial answer but increase 

their confidence when an adviser agrees. Conversely, in the latter scenario, advisees often 

decreased their confidence in spite of an agreeing advice. This behaviour was most consistently 

observed when the advisees were considerably overconfident compared to an expert (vs. novice) 

adviser. Furthermore, advisees showed hints of learning and adopting the advisers’ use of the 

external information during decision-making. The results suggest that adviser confidence is 

used flexibly to understand the external information and to evaluate one’s own performance. 

Advisees’ tendency to learn advisers’ use of the external information from adviser confidence 

was not the main objective in the second experimental chapter. Therefore, the third line of work 

further examined this tendency through experimental set-up that resembled cue learning. It was 
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hypothesised that adviser confidence would be perceived as a proxy for performance feedback 

and help advisees to evaluate the external information. However, two experiments found 

limited signs of learning from adviser confidence. Overall, the experiments in the current thesis 

suggests that adviser confidence is not processed in isolation and advisees may be sensitive to 

subtle factors of adviser confidence under specific circumstances.   
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Chapter 1: Introduction 
 
 

1.1 Social Influence and Advice 

Humans are inherently social animals and are constantly influenced by others. For 

example, people ask for recipes from neighbours, read product reviews online, and 

receive news from reporters. This widespread tendency to be influenced by others has 

sparked various branches of research. For example, in his seminal work, Asch (1951) 

found that people tended to conform to a majority’s answer regardless of their own belief. 

Conformity generally leads to a superficial change in opinion or behaviour rather than an 

internal change (i.e., public conformity) (Deutsch & Gérard, 1955). This tendency to 

conform is found regardless of gender and age and across cultures, although the degree 

of conformity may vary depending on numerous factors (e.g., task difficulty, size of 

majority) (Capuano & Chekroun, 2024). Furthermore, Moscovici (1969) argued that even 

minorities could induce conformity when the minority is consistent and confident. 

Moreover, minorities can bring a deeper internal change in opinion and behaviour (i.e., 

conversion) (Moscovici, 1969). Another related branch of research is compliance, where 

people feel urged to accept a request. This request could be explicit where people are 

directly asked to perform a behaviour. For example, in Freedman and Fraser (1966) foot-

in-the-door study, people were asked to put up a sign endorsing safe driving. On the other 

hand, the request to comply may be implicit such as political campaigns (Cialdini & 

Goldstein, 2004).  

 

People’s susceptibility to social influence is also evident in developmental psychology. 

Bandura (1977) proposed that children engage in social learning, where they observe and 
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model other’s behaviour and then imitate the behaviour, demonstrating that people can 

learn vicariously. Another form of social influence is advice, which is the focus of the 

current thesis. Advice is a specific type of social influence but share similarities with the 

aforementioned types of social influence. For instance, receiving advice from several 

advisers may lead to conforming to the advice. Advice may also resemble explicit and 

implicit compliance depending on if advice is directed (e.g., ‘you should do this’) or 

expressed as an opinion (e.g., ‘I think this is the right course of action). Furthermore, 

studies in advice-taking have presented previous participants’ answers as advice (e.g., 

Harvey & Fischer, 1997; Yaniv & Milyavsky, 2007). Viewing others’ answers may 

invoke social learning, where people opt to imitate the previous participant’s answer. 

However, there are also unique features of advice that differentiate it from other forms of 

social influence. In the current chapter, I will give a general review of the research 

conducted in the advice giving and taking literature. For instance, widely used research 

methods in advice-taking research such as task format and measures of advice adoption 

will be outlined. Additionally, key terms (e.g., egocentric discounting) and core findings 

of factors that received scholarly attention will be summarised. After the general review, 

I will then focus on the factors (i.e., expertise, confidence) that were of interest in the 

current thesis.  

 

1.1.1 Unique Features of Advice  

Research in judgement and decision-making (JDM) has not always made distinctions 

between general social influence and advice. Milyavsky and Gvili (2024) argued that 

research in advice-taking has viewed giving answers of previous participants and 

intentionally formulated advice by another person as interchangeable. However, social 

influence is a wider concept that includes all information from another individual or 
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groups and could be verbal or non-verbal (e.g., gesture) (Seppänen et al., 2007). On the 

other hand, advice is a specific type of social influence that is formed deliberately as a 

direct recommendation (Dalal & Bonnacio, 2010; Milyavsky & Gvili, 2024; Schrah et al., 

2006). Milyavsky & Gvili (2024) found that social information framed as advice (rather 

than another person’s opinion) had a greater impact on decision-makers. This was found 

consistently across six studies that used various tasks, such as estimating a person’s age, 

guessing dates of historic events and general knowledge questions. Additionally, 

participants were twice more likely to purchase advice than opinions. Other research has 

also found that people prefer and are more likely to incorporate information given as 

advice compared to when it was obtained by observing another person’s answer (Çelen 

et al., 2010; Hertz et al., 2021). Furthermore, participants performed significantly better 

after receiving advice compared to when they simply viewed other’s answers (Hertz et 

al., 2021).  

 

This preference for advice over other forms of social influence stems from the different 

levels of trust placed on the information. For instance, Watson and Morgan (2025) 

manipulated the advice-taking context so that the adviser and advisee pair were either in 

a cooperative or competitive relationship. Unsurprisingly, advice-taking was significantly 

lower in a competitive situation due to decreased trust in advice (Watson & Morgan, 

2025). This was a logical course of action, as advisers were more likely to give misleading 

information in such situations (Watson & Morgan, 2025). Furthermore, people who are 

inherently trusting of others are more likely to seek and adopt advice compared to people 

with paranoia (Hertz et al., 2021). People place greater trust in advice as it is perceived 

to stem from an intention to help (Goldsmith & Fitch, 1997; Hertz et al., 2021). Thus, 

advice adoption decreases when this helping intention is in question (Milyavsky & Gvili, 
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2024; Watson & Morgan, 2025). This is also in line with the three-factor model of trust, 

which states that perceived trustworthiness is shaped by the perceived ability, 

benevolence and integrity of another party (Mayer et al., 1995). Framing information as 

advice seems to increase the perception of benevolence, which in turn increases trust and 

subsequent advice adoption.  

 

In addition, a unique social feature of advice is that people prefer advice to be specifically 

tailored for them (Dove et al., 2020). This preference is found in various advice-taking 

domains such as nutrition (Bobokhidze et al., 2024; Briazu et al., 2024), exercise regimes 

(Nyman & Yardley, 2009; Yardley & Nyman, 2007), quitting smoking (Borland et al., 

2004; Meyer et al., 2008), and mental health (Kooiman et al., 2023). Despite the 

abundance of social information in the area from reliable sources, such as doctors, 

research institutes, and governmental organisations, behaviour change is significantly 

more likely with tailored advice. This demonstrates that advice is not processed in the 

same manner as other forms social information. The greater tendency for behaviour 

change with directed advice is likely due to the higher level of perceived helping intention. 

In fact, Milyavsky and Gvili (2024) found that simply telling participants that advice was 

targeted towards another person reduced the perceived helping intention and advice 

adoption.  

 

1.1.2 Definition of Advice 

Research on advice has been conducted in various disciplines such as psychology, 

behavioural economics, management and organisational behaviour, and communication 

studies (MacGeorge & Van Swol, 2018). The definition of advice widely varies across 

disciplines (MacGeorge & Van Swol, 2018). For example, in communication studies, 
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advice is considered as recommendations about what might be thought, said, or done to 

manage a problem (MacGeorge et al., 2008). Some researchers argue that advice can be 

broadly defined and include judgements, opinion, recommendation and guidance 

(Bonnacio & Dalal, 2006; Kämmer et al., 2023). Dalal and Bonnacio (2010) claimed that 

there are five types of advice. The first type is recommendation in favour of a course of 

action, which is the type of advice that was generally given in the current thesis. The 

second type is recommendation against a course of action, and thus suggestion to exclude 

an option. Third type is providing information about the decision options (e.g., giving 

pros and cons for each option). Here, an adviser is not urging advisees to make a certain 

decision but simply sharing their knowledge. These three types of advice are related to 

the decision alternatives, but advice could also be given about how to decide. For example, 

an adviser may suggest which factors to evaluate before reaching a decision. The last type 

of advice is providing socio-emotional support, such as recognising the hardship 

associated with the decision (Dalal & Bonnacio, 2010). Advisers appear to flexibly alter 

the type of advice they give. For example, Lee and colleagues (2023) found that advisee’s 

greater self-disclosure prompted others to provide increased information but not 

emotional support. In fact, it is pertinent that advisers adjust their advice as people also 

have different advice-seeking motives. Yitshaki (2024) found that mentees request advice 

for three reasons: to learn about the mentor’s experience, to receive reflexive feedback 

that could guide future behaviour, and for psychological and emotional support. In the 

current thesis, advice-taking motives were not collected, and advice was limited to one 

type (i.e., provides information about the decision). However, further research examining 

other forms of advice is generally needed in the judgement and decision-making field 

(Bonnacio & Dalal, 2006). For example, whether there is a synergetic effect of providing 
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different types of advice (e.g., giving information and emotional support) could be 

investigated.  

 

1.2 Rationale for Advice-Taking 

1.2.1 Information Seeking 

Asking others for advice before decision-making is generally a good strategy. There are 

various benefits of adopting advice. Firstly, advisees could gain new information. 

Exploring the environment oneself through trial-and-error can be costly and time 

consuming (Schrah et al., 2006; Yaniv & Milyavsky, 2007). Instead, receiving advice 

from others reduces or eliminates the need to gather information oneself. For example, 

people could receive medical advice from doctors to better their health or seek justice by 

obtaining legal advice from lawyers. Indeed, researchers have found that lack of 

knowledge in an area drives advice-seeking behaviour. For instance, people who report 

having insufficient financial knowledge are more likely to ask for financial advice 

(Gentile et al., 2016; Kramer, 2016). On the other hand, people with higher faith in their 

own ability (i.e., self-efficacy) tend to seek less advice (Sherf & Morrison, 2020). 

Additionally, people who perceive themselves as knowledgeable in a domain are less 

likely to seek advice in that domain (Zhang et al., 2022). This is sensible as someone who 

already has significant knowledge would have little to gain from receiving advice. These 

findings demonstrate that one possible motive for advice-taking is to complement one’s 

own knowledge.  

 

1.2.2 Reduce Decision Bias 

A related reason for advice-taking is to reduce decision-biases that cloud one’s decisions. 

During decision-making people are highly susceptible to factors such as past experiences 
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(Cohen et al., 2008; Duncan & Shohamy, 2016), culture (Yates & De Oliveira, 2016), 

and cognitive biases (Yoon et al., 2021). Integrating another person’s opinion can reduce 

the errors in decision-making that arise from individual differences. Numerous research 

has shown that the average of multiple people’s answers is remarkably close to the true 

value (Galton, 1907; Johnson et al., 2001). This phenomenon was termed the “wisdom of 

the crowd” effect (Surowiecki, 2004). Researchers suggest that integrating advice from 

independent multiple sources lead to similar outcomes (Lorenz et al., 2011; Van Swol, 

2009). Advisees can increase their decision accuracy by taking the average of their own 

prediction and the advisers (Gardner & Berry, 1995; Soll & Larrick, 2009; Yaniv & 

Kleinberg, 2000). For instance, Yaniv and Milyavsky (2007) found that participants’ 

accuracy increased by 33% after integrating advice from eight different sources. Some 

researchers suggest that incorporating opinions of even two or three advisers can increase 

accuracy (Budescu & Rantilla, 2000; Yaniv & Milyavsky, 2007). Indeed, consulting just 

two advisers still increased decision accuracy by 27%, which was only 1% lower than 

people who received advice from four different sources (Yaniv & Milyavsky, 2007). The 

benefits of integrating advice have been found in various decision-making contexts from 

perceptual decision-making to more applied tasks such as economic forecasting (e.g., 

prediction of inflation rate) (Yaniv, 2004). For instance, CEOs’ willingness to seek advice 

has been linked to more strategically appropriate decisions and greater organisational 

performance (Ma et al., 2019).  

 

1.2.3 Social Benefits 

The previous two reasons are related to the information-seeking motive of advice-taking 

but as previously discussed, there are social aspects of advice. Hence, another possible 

reason for advice-taking is to reduce psychological distress. Research has shown that 
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receiving advice gives the illusion of cooperating with others which is emotionally 

rewarding (Hertz et al., 2021; Pereg et al., 2024). Additionally, receiving an agreeing 

advice reduces decision uncertainty regardless of its effect on one’s decision accuracy 

(Soll et al., 2022). Furthermore, advisees seek advice to share responsibility regarding the 

decision outcome. In group decision-making, people downgrade negative outcomes and 

feel less accountable (Mynatt & Sherman, 1975). This diffusion of responsibility was also 

found during advice-taking, where increased advice adoption resulted in greater decrease 

in sense of responsibility (Cooper, 2024). On the other hand, people are more likely to 

attribute positive outcomes to themselves which leads to greater feeling of reward (Zein 

et al., 2021). Paradoxically, this sense of cooperation or receiving help may also reduce 

advice-taking in certain cases. Specifically, people may feel that advice threatens their 

autonomy and fear that they would appear less competent (Liang & Xue, 2022; Paik, 

2020). Thus, people in position of power are reluctant to take advice especially when they 

are highly competitive (Tost et al., 2012; De Wit et al., 2017, See et al., 2011).  

 

1.3 Research methods in advice-taking 

As previously discussed, various disciplines conduct research in advice-taking and there 

is a wide disparity in the definition of advice. Therefore, it is expectable that there are 

variations in research methods as well. For instance, in organisational research, personnel 

such as managers are interviewed and asked to recall advice-taking situations (Kämmer 

et al., 2023). On the other hand, in judgement and decision-making (JDM) research, 

studies are generally conducted in labs or online where a participant performs some sort 

of decision-making (e.g., estimation) task (Kämmer et al., 2023). The current thesis will 

mainly review and adopt research methods in the JDM field.  
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1.3.1 Judge Adviser System 

In JDM research, the focus is on measuring advice-utilisation and decision-outcome after 

receiving advice (Kämmer et al., 2023). Therefore, studies have used a wide array of 

estimation tasks, such as perceptual decision-making, estimating calories in food, and 

investment outcome or weather forecasting (Bailey et al., 2023). These tasks generally 

follow the Judge Adviser System (JAS) (Sniezek & Buckley, 1995). In JAS, the decision-

maker (i.e., judge) makes an initial decision and then receives advice. After receiving 

advice, the decision-maker may then revise their answer. The degree of advice adoption 

is measured by comparing the decision-maker’s initial and final decisions. Throughout 

this thesis the decision-maker will also be referred as judge or advisee.  

 

The above-described order is the basic form of JAS, and several variations have been 

used in previous research. Firstly, the structure of the task may differ. For instance, 

instead of using a quantitative estimation task, the decision-maker may be given a binary 

decision tasks (e.g., Sniezek & Buckley, 1995; Pescetelli & Yeung, 2019) or multiple-

choice questions (e.g., Gibbons et al., 2003; Sniezek & Buckley, 1995; Sniezek & Van 

Swol, 2001). Another variation is that the judges’ pre-advice answer or opinion may not 

be collected. Instead, judges would be given a chance to become familiar with the task 

and receive advice directly (e.g., Budescu & Rantilla, 2000; Sniezek & Van Swol, 2001). 

In some studies, judges are given performance feedback (i.e., accuracy) for themselves 

and/or the adviser (e.g., Fischer & Harvey, 1999). This helps advisees gauge their own 

performance and the adviser’s ability. There also might be incentives for accuracy, which 

has been found to increase advice adoption (Patt et al., 2006; Sniezek & Van Swol, 2001; 

Sniezek et al., 2004; Wang et al., 2024). Second, the adviser’s characteristics could be 

altered as well. Advice may not always come from one adviser but from multiple advisers 
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(e.g., Budescu & Rantilla, 2000; Harvey et al., 2000; Molleman et al., 2020; Yaniv & 

Milyavsky, 2007). The use of multiple advisers is useful in understanding how advisees 

integrate diverse opinions (e.g., conflicting advice). Another feature that could vary is the 

judge and adviser’s relationship. For example, in some studies, a pair of participants are 

arbitrarily assigned to be a judge and an adviser. The pair of participants may have pre-

existing relationships (e.g., friends) or could be complete strangers (e.g., Van Swol & 

Sniezek, 2005). In addition, instead of advice being generated in real-time, researchers 

may prepare advice in advance. One commonly used method is to present answers from 

previous participants as advice (e.g., Hütter & Ache, 2016). Another method is to give 

experimenter-generated advice (e.g., Rebholz & Hütter, 2022). This method allows 

greater control over the characteristics of the advice (e.g., how often an adviser agrees 

with a judge’s initial opinion). Additionally, the advisee may or may not be aware of the 

source of the advice. For example, participants could be told that advice comes from 

another person or an artificial agent to examine the difference in advice adoption (e.g., 

Gaube et al., 2023). Lastly, how the advisee interacts with the adviser may vary. 

Participants are sometimes given the option to solicit (or not) advice (e.g., Schrah et al., 

2006), which could be free or have an attached monetary cost (e.g., Patt et al., 2006). 

Advice is most commonly provided in written form, but small number of studies have 

used advice given verbally or through extended interactions (Bonnacio & Dalal, 2006). 

These are some examples of the variations of JAS and many different forms could be 

utilised. 

 

1.3.2 Measures of Advice-adoption 

Research using the JAS has largely focused on measuring the degree of advice adoption. 

Two widely used measures in estimation tasks are Weight of Advice (WOA) (Yaniv, 
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2004) and Weight of Own Estimate (WOE) (Yaniv & Kleinberger, 2000). The formula 

for each measure is as follows:  

 

Weight of Advice (WOA) quantifies how far an advisee shifts towards advice in relation 

to their own initial answer. Specifically, advice adoption is measured as the ratio between 

the change in judge’s estimate from pre- to post-advice and the difference between advice 

and judge’s initial estimate: 

𝑊𝑂𝐴	 =
|𝑗𝑢𝑑𝑔𝑒!𝑠	𝑓𝑖𝑛𝑎𝑙	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒	 − 	𝑗𝑢𝑑𝑔𝑒!𝑠	𝑖𝑛𝑖𝑡𝑖𝑎𝑙	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒|	
|𝑎𝑑𝑣𝑖𝑠𝑒𝑟!𝑠	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒	 − 	𝑗𝑢𝑑𝑔𝑒!𝑠	𝑖𝑛𝑖𝑡𝑖𝑎𝑙	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒|  

Thus, WOA = 0 when a decision-maker ignores advice and sticks precisely to their initial 

estimate in their final decision. Conversely, WOA = 1 when a decision-maker abandons 

their own initial estimate and adopts the advised answer exactly in their final decision. 

Weight of Own Estimate (WOE) also measures advisees’ use of advice in relation to their 

own estimate. Specifically, the weight advisees place on their own estimate while 

discounting advice.  

𝑊𝑂𝐸	 =
|𝑎𝑑𝑣𝑖𝑠𝑒𝑟!𝑠	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒	 − 	𝑗𝑢𝑑𝑔𝑒!𝑠	𝑓𝑖𝑛𝑎𝑙	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒|	
|𝑎𝑑𝑣𝑖𝑠𝑒𝑟!𝑠	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒	 − 	𝑗𝑢𝑑𝑔𝑒!𝑠	𝑖𝑛𝑖𝑡𝑖𝑎𝑙	𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒| 

The WOE values also range from 0 to 1. However, here, 0 illustrates complete adoption 

of advice whereas 1indicates a total disregard of advice. It is worth noting that WOE = 1-

WOA and thus, researchers generally only report WOA. The strength of the two measures 

is their versatility. These measures can be used in various estimation tasks that uses JAS, 

from perceptual estimation to weather forecasting. Additionally, advice utilisation can be 

measured after each decision (Bonnacio & Dalal, 2006), which facilitates comparison of 
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the degree of advice adoption in different settings, such as varying adviser characteristics 

or advice-taking contexts.  

 

On the other hand, one weakness is that due to how the formulae are constructed, the 

values are undefined when the judge’s initial estimate equals advice. The two formulae 

are optimal when the judge’s final estimate falls between judge’s initial estimate and 

advice. Studies generally report that this is the case most (approximately 95%) of the time 

(Bailey et al., 2023). However, there could be trials where judges push away from advice 

and give a final estimate that is even further away from advice than their initial estimate, 

or judge’s may overshoot and give a final estimate more extreme than the advice 

(Bonnacio & Dalal, 2006). Researchers using WOA or WOE often set cutoff values and 

disregard such cases (Bailey et al., 2023). However, these trials may provide insight into 

certain behaviours such as advisees becoming overconfident following agreeing advice. 

Additionally, the measures are only suitable when answers are collected on a linear 

continuous scale (Bonnacio & Dalal, 2006). Therefore, these measures cannot be used in 

studies with binary decision-making tasks or multiple-choice questions.  

 

In the current thesis, the tasks were binary decision-making tasks, but an accompanying 

confidence level was also collected on a continuous scale (similar to an estimation task). 

For example, participants were given an anchor temperature and predicted if the future 

temperature in a specific city will be lower or higher than the anchor temperature. 

Participants’ answers were collected on a scale that ranged from 100% confident lower 

to 100% confident higher. Therefore, these types of tasks resemble estimation tasks, but 

one key difference is that participants’ initial answer and advice may agree or disagree. 

In contrast, estimation tasks only measures the distance between participants initial 
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answer and advice (e.g., denominator in WOA and WOE). Therefore, a different measure 

of advice adoption will be used: adviser influence. This measure was adopted from 

Pescetelli and Yeung (2021) 

Adviser influence = MΔconfidence for agreement - MΔconfidence for disagreement 

To calculate, participants’ change in confidence is first collected in each trial. After, the 

mean change in confidence is calculated separately for trials where participants’ initial 

answer and advice agreed and disagreed. The difference between the two means will 

represent the overall adviser influence. It is generally expected that when an adviser 

agrees, judges will become more confident. In contrast judges would decrease their 

confidence when an adviser disagrees. Therefore, adviser influence is expected to be 

positive overall.   

 

In contrast to WOA and WOE, this measure eliminates cases where the value would be 

undefined and there is no cut off values. Therefore, advice adoption can be recorded in 

all trials, such as when advisees push away from advice or give answers more extreme 

than the adviser. Adviser influence will be used as the main measure of advice adoption 

in the current thesis. However, in some experiments, the WOA values will also be 

calculated for comparison with the adviser influence measure and studies in pervious 

literature that used estimation tasks.  

 

1.4 Egocentric discounting 

As previously discussed, there are various benefits of adopting advice. Thus, the rational 

course of action is to take the average between one’s own answer and the adviser’s answer 

(Gardner & Berry, 1995; Yaniv & Kleinberg, 2000). However, advisees generally shift 

their answer towards the adviser’s only about 20 to 40%, demonstrating people’s 
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tendency to place greater weight on their own opinion (Bailey et al., 2023; Soll & Larrick, 

2009). This phenomenon was termed egocentric discounting (Yaniv & Kleinberg, 2000). 

Egocentric discounting has been found consistently in numerous studies in judgement and 

decision making. Some researchers argue that egocentric discounting occurs as one’s own 

answer acts as an anchor (Harvey & Fischer, 1997, Lim and O’Connor, 1995; Yaniv & 

Milyavsky, 2007). However, egocentric discounting has some differences from anchoring. 

The effect of an anchor is temporary and short-term whereas egocentric discounting is a 

long-term preference and over-weighing of own opinion (Harvey & Harries, 2004). In 

support of this, even when advisees are not asked to give their initial answer in a JAS task, 

egocentric discounting reduces but it is not eliminated (Krueger, 2003). Furthermore, 

Harvey & Harries (2004) found that judges placed greater weight on another person’s 

opinion when it was labelled as their own opinion.  

 

There are two prominent reasons for egocentric discounting that received scholarly 

attention. One possible reason is that people believe that their own ability or opinion is 

superior compared to an adviser (Krueger, 2003). In general, peoples’ self-evaluation is 

biased where people think their abilities, attributes and personal traits are above average 

(i.e., better-than-average-effect) (Alicke et al., 1995; Alicke & Govorun, 2005; Zell et al., 

2020). Advisees may believe that their performance is above average regardless of their 

familiarity with the task. As previously mentioned, one reason for seeking advice is to 

gain information. If advisees believe that they have greater information or ability in the 

advice-seeking domain, it is natural to be reluctant to take advice from another who may 

perform worse than themselves. In support of this notion, researchers found that advice 

adoption increases when the perceived expertise of the adviser increases (Bonnacio & 

Dalal, 2010; Sniezek et al., 2004; Jungermann & Fischer, 2014; Harvey & Fisher, 1997).  
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A second possible motivation for egocentric discounting is that people only have access 

to their own thought process and reasoning (Yaniv, 2004; Van Swol, 2011). People are 

aware of how they have formulated their own opinion and, consequently, can retrieve 

more evidence supporting their own opinion compared to the adviser’s opinion. Van Swol 

(2011) found that when an adviser provided reasoning underlying their decision, it 

significantly increased advice adoption, particularly when the task was related to matter 

of taste. Additionally, advice adoption increased when advisees and advisers discussed 

the task together and reached a consensual decision (Minson et al., 2011). These findings 

suggest that greater communication from the adviser allows advisees to get a fuller picture 

of the adviser’s decision-making process, which in turn reduces egocentric discounting.  

 

Egocentric discounting leads to lower decision accuracy (Yaniv & Choshen-Hillel, 2012) 

and greater inclination for confirmation bias (Kappes et al., 2020; Rollwage et al., 2020). 

Ignoring advice also hinders future opportunities for advice as advisers resent advisees 

who reject their advice and are sceptical of future advice-giving (Brooks et al., 2015; 

Treffenstädt, 2017). Therefore, diverse research has been conducted to better understand 

factors that could reduce egocentric discounting. Previous literature has found that 

advice-adoption increases when advisees feel greater responsibility regarding the 

decision-outcome (De Wit et al., 2017; MacGeorge et al., 2002). Advisee’s perceived 

similarity with the adviser also leads to greater advice adherence (Feng & MacGeorge, 

2010). Advisee’s valence towards the adviser and own emotions also influences degree 

of advice adoption. For instance, advice-adoption increases when advisees feel positive 

emotions towards the adviser such as gratitude (De Hooge et al., 2014) or liking (Belkin 

& Kong, 2018) but reduces when advisees feel anger towards the adviser (Belkin & Kong, 

2018; Van Swol et al., 2018). In addition, one’s private emotion such as pride or shame 
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also drives advice adoption (Van Swol et al., 2018). It is possible that these emotions 

influence one’s perceived ability, which is a driver of advice adoption. Another factor 

with similar effect would be task difficulty, where increased task difficulty leads to 

greater advice-taking (Schrah et al., 2006). As previously mentioned, expertise of self and 

adviser also influences advice taking. People who believe they have greater expertise are 

less willing to seek and adopt advice (Kassirer et al., 2020; Milyavsky et al., 2017), 

whereas advice adoption increases when an adviser holds greater expertise (Bonnacio & 

Dalal, 2010). Similarly, when an advisee is highly confident, they are less likely to adopt 

advice (Soll & Larrick, 2009), whereas highly confident advisers are more influential 

(Van Swol, 2009). Many factors have been widely researched in the advice-taking 

literature. Among these, confidence and expertise have been consistently found to play a 

significant role during advice-taking. Thus, these two factors were researched in the 

current thesis and will be reviewed in further detail.  

 

1.5 Expertise and Advice Adoption 

1.5.1 Dimensions of expertise  

Research on expertise has been conducted in various fields such as psychology, 

engineering and education. The core definition of expertise is similar across disciplines, 

but some definitions are more complex with greater dimensions. In essence, expertise is 

defined as having knowledge in a domain or a task (Herling, 2000). This knowledge must 

be recognised to be true and shared by others (Herling, 2000). However, there should also 

be some sort of exclusivity or esotericity as knowledge held by everyone disallow the 

distinction between a layperson and an expert (Collins, 2016). Furthermore, the superior 

knowledge held by the expert may be from learning but also from experiences (i.e., tacit 

knowledge) (Collins, 2016; Jungermann & Fischer, 2014; Shanteau & Stewart, 1992). An 
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expert should also be able to critically evaluate and flexibly use their knowledge (Collins, 

2016). This ability to apply their knowledge should be evident during problem solving, 

in terms of their speed and accuracy in the decision outcome (Dukas, 2019; Herling, 2000). 

In addition, researchers in education argue that the capability to help others and pass on 

their knowledge is an important feature of an expert (Kennedy, 1987). In general, research 

in advice-taking in psychology focus on short-term interactions (Bonnacio & Dalal, 2006), 

which is also the case with experiments in this thesis. These interactions do not involve 

complex advice-giving such as transfer of tacit knowledge. Therefore, a simple definition 

of expertise will be employed: task- or domain- specific knowledge (Herling, 2000). 

 

1.5.2 Advisees’ expertise  

Advisee’s existing knowledge in the advice-seeking domain plays a significant role in 

advice-adoption. Advisees are more open to advice when they believe that they have 

lower knowledge compared to the adviser (Kassirer et al., 2020; Milyavsky et al., 2017; 

Önkal et al., 2017; Zhang et al., 2022). This tendency is found in various domains such 

as financial advice-taking (Gentile et al., 2016; Kramer, 2016) and counselling (Peng, 

2022). On the other hand, experts take a more critical stance towards advice and prefer to 

use their own knowledge to reach a decision (Cottam & Jha, 2025). Advisees may also 

use their own knowledge to evaluate the adviser. For instance, Önkal and colleagues 

(2017) manipulated the track record and status (financial analyst vs. taxi driver) of 

advisers in a stock price prediction task. The studies found that participants with lower 

expertise focused solely on the adviser’s past performance and disregarded the adviser’s 

status. However, participants with greater knowledge in stocks used both the adviser’s 

past performance and status to evaluate the quality of advice. In addition, Yaniv (2004) 

found that advisees with greater expertise are more sensitive to the magnitude of 
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difference between their own answer and advice. More specifically, knowledgeable 

advisees exhibited greater egocentric discounting for distant advice. These difference in 

adviser evaluation suggests that advisees with prior knowledge appraise advice in a more 

complex manner and are less likely to take advice at face value (Cottam & Jha, 2025). 

This leads to selective advice taking where advice is only adopted in certain cases. There 

are benefits to this strategy, such as increased decision efficiency. For instance, Harvey 

and Fisher (1997) found that experienced judges were less likely to take advice overall 

but were more likely request advice for critical decisions compared to less experienced 

judges. On the other hand, selective advice-taking may hinder knowledge acquisition and 

exacerbate decision biases (Peng, 2022; Zhang et al., 2022).  

 

1.5.3 Advisers’ expertise  

Expertise of the adviser is a factor that has been consistently found to have a strong impact 

on advice adoption (Bonnacio & Dalal, 2006). Numerous studies showed that people 

prefer and place greater weight on an expert adviser’s opinion compared to a novice 

adviser’s opinion (Bonnacio & Dalal, 2010; Sniezek et al., 2004; Jungermann & Fischer, 

2014). On average, judges shift approximately 48% towards an expert’s advice compared 

to a mere 32% shift to untrained advisers (Bailey et al., 2023). Meshi and colleagues 

(2012) found that in addition to greater advice adoption with experts, judges also report 

greater value of expert’s advice post decision-making. Furthermore, judges are quicker in 

adopting and making a final decision when interacting with an expert (Meshi et al., 2012). 

In addition to these behavioural disparities, there were also differences in neural activities 

depending on adviser’s expertise. In particular, there was a greater activation in the 

reward-sensitive brain region (ventral striatum) from discovering that expert advice will 

be provided rather than a novice’s advice. This demonstrates that advisees feel a sense of 
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reward from simply interacting with an expert (Meshi et al., 2012). The preference for 

expert advice is likely due to the anticipation for higher quality and more accurate advice 

(Sniezek et al., 2004; Jungermann & Fischer, 2014).  

 

1.6 Confidence and advice adoption  
1.6.1 Definition of confidence  

Confidence is another factor in advice-taking that has garnered academic attention, where 

both advisee and adviser confidence influence the advice-taking dynamic. JDM research 

has generally defined and operationalised confidence as expectation of the extent to which 

a decision, opinion, or recommendation is correct (Klayman et al., 1999), which is the 

definition that will be adopted throughout the thesis. However, it is important to note that 

definition of confidence varies across and even within disciplines. To illustrate, some 

other definitions of confidence in JDM are ‘feeling of knowing’ (Navajas et al., 2017), 

‘belief about the validity of our own thoughts’ (Meyniel et al., 2015), and belief that a 

choice or proposition is correct (Pouget et al., 2016). Philosophers argue that confidence 

should be considered in light of both reliance of a persuasive message, but also confidence 

in oneself (i.e., self-confidence) (Rotenstreich, 1972). Some researchers, such as 

statisticians, perceive confidence as a likelihood of an event and an antonym of 

uncertainty (Pawitan & Lee, 2021). Common features of these definitions are that 

confidence is a subjective feeling regarding one’s accuracy. Therefore, I adopted 

Klayman and colleagues (1999) definition because it incorporates the shared perception 

of confidence across disciplines. Although it is worth noting that these definitions may 

be limited to human subjects as there are difficulties translating certain terms to 

characterise confidence in animals (e.g., feeling, thoughts) (Kepecs & Mainen, 2012).  
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1.6.2 Advisee confidence and advice adoption 

Similar to advisee’s expertise, advisee confidence significantly influences advice-taking. 

Pescetelli and colleagues (2021) found that judges who are confident in their answer were 

less likely to request advice. Confidence in initial judgement is also linked to smaller shift 

towards the advice (i.e., lower WOA) (Soll & Larrick, 2009; Tost et al., 2012; Wang & 

Du., 2018). Advisee’s confidence also plays a mediating role between power and advice-

taking where the tendency to dismiss advice in powerful advisees is reduced when they 

feel less confident (See et al., 2011). Similarly, increased task difficulty leads to lower 

confidence, which in turn results in greater advice adoption (Ache et al., 2020; Kassirer 

et al., 2020). In addition, advisees’ personality traits such as self-confidence and self-

efficacy impacts advice adoption. For instance, narcissists, characterised by sense of 

superiority and self-confidence, perceive advice as less useful. This leads to lower advice 

adoption regardless of their confidence in initial judgement (Kausel et al., 2015). In 

contrast, shy people tend to refrain from asking for advice (Liang et al., 2023). Other 

researchers have also found that greater self-efficacy leads to reduced feedback seeking 

(Poston et al., 2005; Sherf & Morrison, 2020). This tendency diminishes as adviser 

expertise increases, because advice-taking could satisfy the motive to better themselves 

(Poston et al., 2005; Wei et al., 2024). Although general level of self-confidence and self-

efficacy influences one’s decision-confidence (Perry, 2011), the current thesis will focus 

on decision-confidence because the purpose is to examine advice-taking in individual 

decisions rather than the general tendency at a trait level.   

 

1.6.3 Adviser confidence and advice adoption. 

Previous research generally finds that confident advisers are more influential. Advice 

accompanied by low numerical confidence or wide confidence interval are perceived 



 21 

more negatively and are adopted less (Phillips 1999; Sniezek & Buckley, 1995; Sniezek 

& Van Swol 2001; Van Swol, 2009; Van Swol & Sniezek, 2001; Wang et al., 2025; Yaniv, 

1997). For instance, employees who express greater confidence are perceived to have 

made greater contribution in strategy formation (Phillips, 1999). The persuasiveness of 

confident advice is found regardless of the decision-making context. Van Swol (2011) 

found that confident advice is more influential in both decisions with objectively correct 

answers (e.g., intellective task) and subjective judgements (e.g., taste forecast). Although, 

providing confident advice had greater impact in intellective tasks, being the sole 

predictor of advice adoption (Van Swol, 2011). This substantial effect of adviser 

confidence suggests that it would be profitable to express high levels of confidence during 

advice-giving. Communicating higher confidence would help people assert their decision 

and gain more resources (e.g., funding) (Sniezek & Buckley, 1995). Advisers also seems 

to be aware of the benefits of expressing higher confidence and behave accordingly. For 

example, in Hertz and colleagues’ (2017) studies, a participant assumed the role of an 

adviser and competed with another adviser to have a greater influence over the advisee’s 

decision. The studies found that advisers systematically changed their confidence, where 

the advisers were more overconfident if the advisee had selected the other adviser in the 

previous decision. This behaviour might stem from the belief that communicating higher 

confidence would make them appear more competent, moral and warm (Stavarova & 

Evan, 2019). Additionally, advisers inflate their confidence when they have a greater 

motivation to persuade (Van Swol, 2009) or have a higher intention to help and there is 

less uncertainty attached to the decision (Haran et al., 2022).  

 
1.6.4 Confidence Heuristic 

Why are confident advisers so influential? This is because of the assumptions people hold 

about confident advisers. People believe that confident individuals have greater 
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information or knowledge and are more accurate (Price & Stone 2004; Thomas & 

McFadyen, 1995). Price and Stone (2004) found that people consistently prefer advisers 

who are overly confident compared to advisers whose accuracy and confidence are well-

calibrated. The effect of the confidence heuristic is robust and found across different tasks 

and communication methods. Pulford and colleagues (2018) found that confident 

individuals are more influential in various tasks (e.g., face recognition, geometric shape 

categorisation) and regardless of communication method (face-to-face vs. computer 

based). This demonstrates that confidence heuristic is prevalent in different decision-

making contexts and driven by verbal (rather than non-verbal) communication (Pulford 

et al., 2018).  

 

1.6.5 Confidence and accuracy calibration 

On the other hand, advisees should be cautious when using confidence heuristics because 

confidence is not a fully reliable indicator of accuracy. Although there is a positive 

correlation between confidence and accuracy, people are generally overconfident (Van 

Swol & Sniezek, 2005; Sah et al., 2013, Klayman et al., 1999; Lichtenstein et al., 1982). 

For instance, Van Swol and Sinezek (2005) found that advisers’ mean confidence was 

about 10% higher than their average accuracy. In Soll and Larrick (2009)’s studies, 

participant dyads were only successful 50% of the time in identifying the more accurate 

person within the dyad but were on average 74% certain that they made the correct 

decision. Additionally, overconfidence was higher when the participant dyads made 

incorrect judgements and selected the less accurate person. This tendency for 

overconfidence is observed in various domains. For example, students overestimate their 

academic performance (Clayson, 2005), entrepreneurs are wildly optimistic about their 

ability and success rate (Camerer & Lovallo, 1999), and eyewitnesses are frequently 
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overconfident (Brewer & Wells, 2006; Tenny et al., 2007). Therefore, advisees should 

not be over-reliant on adviser confidence.  

 

In fact, past research shows that people’s dependence on adviser confidence diminishes 

when adviser accuracy information is available. For example, Tenney and colleagues 

(2007) showed that perceived credibility of confident witnesses decrease when their 

testimony was found erroneous, whereas the credibility of less confident witnesses 

remained intact. Additionally, applicants who displayed poor calibration between their 

confidence and accuracy were rated negatively by recruiters (Tenny & Spellman, 2010). 

Therefore, the calibration hypothesis argues that one’s credibility is determined by how 

well one’s confidence is warranted (Tenney et al., 2007; Tenney et al., 2008). Support for 

the calibration hypothesis is also found in advice-taking. Sah and colleagues (2013) asked 

participants to estimate the weight of a person in a task following judge-adviser-system 

(JAS). The studies found that perceived adviser credibility was determined by the degree 

of calibration between an adviser’s confidence and their accuracy. Stanciu and Fiser 

(2022) also found evidence that advisees were more influenced by confident and 

calibrated adviser over simply confident advisers. Furthermore, uncalibrated advisers are 

perceived negatively, and advisees may even choose to punish such advisers (Vullioud et 

al., 2017).  

 

This preference for calibration between confidence and accuracy may explain why 

uncertain advice is preferred sometimes. Gaertig and Simmons (2018) conducted a series 

of studies using tasks such as sports game outcome prediction and stock price prediction. 

Results showed that people were not averse to uncertain advice that included range of 

outcomes or cautious linguistic expressions (e.g., more likely). Furthermore, advisees 
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reported greater interest to seek advice from the uncertain adviser in the future.  Other 

researchers also found that overly precise advice was not more influential than its less 

precise counterparts (Du et al., 2024; Schultze & Loschelder, 2020). Similar patterns are 

observed with communication of real-world phenomena. For instance, financial forecasts 

given in ranges rather than as simple point estimates were preferred and perceived as 

more accurate, informative and credible by investors (Du et al., 2011). This is also the 

case when communicating scientific findings. For example, expressing greater 

uncertainty had either no or only a small negative effect when conveying issues such as 

Genetically Modified Organisms (GMO) food labelling or immigration (Gustafson & 

Rice, 2019; Van Der Bles et al., 2020). Additionally, acknowledging uncertainty when 

reporting climate change findings led to greater public acceptance (Joslyn & LeClerc, 

2016; Howe et al., 2019). These findings demonstrate that greater confidence is not 

always preferred. This may be because over precision and confidence reduces the 

perceived competence of the speaker (Loschelder et al., 2016). In the previously discussed 

contexts, there are inherent uncertainties, and the outcomes are highly variable. Therefore, 

highly confident advisers would appear less accurate which leads to lower credibility and 

advice adoption.  

 

1.6.6. Flexible use of confidence and its link to other factors. 

Past literature suggests that confidence is flexibly used to guide decision-making and 

behaviour. For instance, confidence does not only represent one’s belief regarding how 

correct an opinion is, but also influences information processing and guide decision-

making. One’s confidence is not static but dynamically changes based on the 

accumulation and assessment of evidence (Desender et al., 2021). Additionally, 

confidence can guide learning of external information. Guggenmos and colleagues (2016) 
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found that people formulate a current level of confidence and long-term expected 

confidence.  The long-term expected confidence can simulate feedback and enable 

reinforcement learning. People also use confidence to evaluate difficulty of a task and 

decide how to tackle problems, such as which task to tackle first (Aguilar-Lleyda et al., 

2020).  

 

Additionally, during advice-taking, advisee’s confidence is determined by a multitude of 

factors, such as number of advisers, number of external pieces of information and 

variability in advisers’ answer (Budescu & Rantilla, 2000). Furthermore, advisees are 

sensitive to subtle differences when evaluating these factors, such as degree of overlap in 

information accessed by the advisers (Budescu & Rantilla, 2000). People also evaluate 

advice in relation to their own opinion, where people perceive advice further away from 

their own opinion to be of lower quality (Meshi et al., 2012) and discount it more than 

close advice (Molleman et al., 2020; Newell et al., 2009). This effect is amplified when 

advisees are confident in their own answer (Pescetelli & Yeung, 2021). In addition, 

advisees use advice not only to increase their decision accuracy but also to test their 

current accuracy. Schrah and colleagues (2006) found that advisees requested advice after 

completing 75% of their own information search, indicating advice is used to test their 

hypotheses rather than to help formulate them. In addition to using advice to evaluate 

their own opinion, it is also used to evaluate the quality of advice. Pescetelli and Yeung 

(2021) showed that advisees use their confidence to deduce the adviser’s level of 

calibration between their confidence and accuracy. This evaluation was carried out even 

in the absence of objective feedback and was nearly as accurate as advisees who received 

feedback. Additionally, advisees use their confidence to decide whether to request advice 

and regulate their degree of advice adoption (Pescetelli et al., 2021). However, when 
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adviser accuracy information is available, advice request better correlated with decision 

uncertainty, demonstrating advisees use of confidence flexibly switch between adviser 

evaluation and advice request (Carlebach & Yeung, 2023).  

 

Advisers also express their confidence flexibly during advice-giving. As previously 

discussed, advisers may overstate their confidence as persuasion (Van Swol, 2009) or 

helping (Haran et al., 2022) intention increases. However, advisers also express lower 

confidence when there is higher uncertainty associated with the decision (Haran et al., 

2022). Furthermore, Benjamin and Budescu (2014) compared advice given after learning 

the payoffs of lotteries versus after playing the lottery (i.e., receiving description vs. 

experiencing). In the latter case, advisers were aware that they did not have the full payoff 

information, which led them to be more cautious in their recommendation and were more 

risk averse (e.g., signalling they are unaware of the full payoff). Additionally, advisers 

who are less confident do not want their advice to be fully adopted and perceive advisees 

who overweight their advice negatively (Ache et al., 2020). This suggests that reporting 

lower confidence is not simply a reflection of internal confidence but an attempt to 

dissuade advisees from adopting their advice. Overall, advisers tend alter their confidence 

to better reflect the advice-giving context and to manipulate advice adoption.  

 

The above discussed findings demonstrate that confidence is not simply a measure of 

expectation of being correct but is also related to a multitude of factors. The aim of the 

current thesis was to examine if advisees are sensitive to these subtle features of the 

adviser’s confidence. Some previous studies have found evidence that advisees make 

inferences regarding adviser confidence. As previously mentioned, one of the most 

prominent assumptions of adviser confidence is its relation to the quality of information 
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and knowledge held by the adviser and thus, their accuracy (i.e., confidence heuristic) 

(Price & Stone 2004; Thomas & McFadyen, 1995). Similarly, advisees presume that 

confident advisers would also have higher general expertise (Sniezek & Van Swol, 2001). 

In support of this, Wang and colleagues (2025) found that advice coupled with high 

confidence was more influential when it came from advisers with higher task expertise. 

Researchers also suggest that advisers’ confidence also shape perceived trustworthiness 

of the adviser (Sniezek & Van Swol, 2001). This may be because perception of ability 

and trust are closely related according to the three-factor model of trust (Mayer et al., 

1995). More specifically, high confidence may lead to greater perception of ability which 

increases trust. Additionally, advisers’ high levels of confidence are perceived as greater 

commitment to their recommendation (Vullioud et al., 2017). Furthermore, advisees also 

seem to process adviser confidence in relation to the advice-taking context. As previously 

mentioned, some recent studies found that uncertain advice receives positive reaction 

from advisees (e.g., Du et al., 2011; Du et al., 2024; Gaertig & Simmons, 2018; Schultze 

& Loschelder, 2020). This positive attitude was generally found when there were some 

levels of uncertainties in the advice-taking context, where high confidence may appear 

overconfident and less accurate. This suggests that advisees do not process adviser 

confidence in isolation but in relation to the advice-taking context. However, there is 

limited research that directly test the relationship between adviser confidence and the 

advice-taking context. Therefore, empirical work in the current thesis will investigate 

how advisees use adviser confidence to make inferences about the advice-taking context 

and features of the adviser. 
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1.7 Thesis Outline 

The current chapter reviewed relevant concepts and research in the advice-taking area. 

First, unique features of advice compared to other forms of social influence was discussed. 

The research methods in the advice-taking literature were also reviewed, such as task 

structure (e.g., JAS) and measures of advice adoption (e.g., WOA, WOE). The chapter 

then reviewed key terms (e.g., egocentric discounting) and factors that are researched in 

the advice giving and taking literature. The main factors of interest in the current thesis, 

confidence and expertise, were discussed in greater detail. Past research on adviser 

confidence and expertise have focused on its influence on single decisions (e.g., advice 

adoption). However, some researchers suggest that other factors (e.g., accuracy, external 

cues) influence advisees’ processing of adviser confidence. Therefore, the current thesis 

aimed to examine the information advisees extract from adviser confidence and its 

relation to the advice-taking context, such as adviser competence (Chapter 2) and the 

decision-making strategy (Chapter 3 & 4). In line with previous literature, the empirical 

chapters will examine the role of adviser confidence and expertise on advice-taking but 

also investigate advisees’ flexible use of adviser confidence and expertise.  

 

The aim of Chapter 2 was to answer the following research question: How does the 

relationship between the advice-taking context and the adviser’s linguistic expressions of 

confidence influence advice-taking? Five experiments investigated how people process 

different linguistic expressions of confidence in relation to the type of uncertainty in the 

advice-taking context. As previously mentioned, some past studies showed that advisees 

sometimes prefer uncertain advice (Du et al., 2011; Du et al., 2024; Gaertig & Simmons, 

2018; Schultze & Loschelder, 2020). This preference appears to be related to the level of 

uncertainty in the advice-taking context. Chapter 2 extends this idea and examined if 
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advisees are sensitive to the type of uncertainty prevalent in the advice-taking context. In 

particular, two types of uncertainty proposed by Ülkümen and colleagues (2016) were 

investigated: epistemic and aleatory uncertainty. The researchers found that people prefer 

to use confidence terms (e.g., certain, sure, confident) to describe epistemic uncertainty 

whereas likelihood terms (e.g., probability, chance, likelihood) are favoured to describe 

aleatory uncertainty (Ülkümen et al., 2016). Chapter 2 examined if this preference for 

context-appropriate linguistic expressions also translates into advice-taking, where 

adviser’s linguistic expressions influence adviser evaluation and advice-adoption. It was 

predicted that advisees would be sensitive to the type of uncertainty prevalent in the 

advice-taking context and prefer advisers who use linguistic expressions that matches the 

type of contextual uncertainty because it signals the advisers’ understanding of the 

advice-taking context. More specifically, it was hypothesised that when there are high 

levels of epistemic uncertainty in the advice-taking context, an adviser using confidence 

term would be more influential and perceived as more competent compared to an adviser 

using likelihood terms. On the other hand, an adviser using likelihood term would be 

more influential and perceived as more competent than an adviser using confidence terms 

when there are high levels of aleatory uncertainty. However, only limited evidence was 

found across the five experiments.  

 

Chapter 3 reports three experiments investigating how adviser confidence is processed in 

relation to the available external information. More specifically, the aim was to 

understand how advisees construe a discrepancy between adviser confidence and external 

information ambiguity. For example, an adviser could display high levels of confidence 

despite ambiguous external information or express uncertainty even when the external 

information seems unambiguous. The effect of this discrepancy on advice adoption was 
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compared for expert versus novice adviser. It was hypothesised that in the first scenario, 

participants would increase their confidence when an adviser agreed but decreased under 

disagreement, where this change in confidence would be greater following the expert’s 

advice. In the second case, it was hypothesised that participants would decrease their 

confidence despite agreeing advice. This pattern was observed across the three 

experiments. Additionally, an exploratory hypothesis proposed that participants would 

change their use of the four basketball statistics following repeated interaction with the 

advisers. Indeed, participants showed signs of learning and adopting the advisers’ 

decision-making strategy. 

 

Chapter 3 found hints of learning from adviser confidence, but this was not the main 

purpose of the experiments. Therefore, experiments in Chapter 4 investigated if advisees 

can learn the validity of external information through adviser confidence. It is possible 

that the unexpected adviser confidence provides hints about the external information 

prioritised by the adviser. For example, imagine a situation where two pieces of 

information supports outcome A, but the remaining two pieces of information suggests 

outcome B. If an adviser confidently advocates answer A, it is safe to infer that the first 

two pieces of information are prioritised by the adviser. This was investigated using a 

basketball game outcome prediction task where participants were given four pieces of 

basketball statistics. It was hypothesised that advisees would be able to deduce the which 

basketball statistics are prioritised by the adviser. Additionally, advisees would shift their 

use of the basketball statistics to mirror the adviser’s strategy, which would increase 

participants accuracy. However, no evidence to support these hypotheses was found 

across two experiments. 
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In the final chapter, Chapter 5, the experimental findings are integrated and discussed in 

relation to the existing advice-taking literature. The findings from the empirical chapters 

suggest that there might be an effect of advice-taking context on advice-taking under 

specific conditions. Therefore, future studies could investigate when and how advisees 

attend to external factors during advice-taking.  

 

The experiments in the empirical chapters followed JAS where participants’ answer, and 

confidence was recorded pre- and post-advice. In each experiment, participants were 

instructed that an adviser would appear upon submission of their initial answer and 

provide advice. Minimal instructions were given about the advice to prevent participants 

from altering how they engage with the task and focusing on advisers rather than the task 

at hand. This was following standard practice in the advice-taking literature where social 

information is presented as ‘advice’ (e.g., Çelen et al., 2010; Hertz et al., 2021; Soll & 

Larrick, 2009; Yaniv & Kleinberg, 2000). Furthermore, Milyavsky & Gvili (2024) found 

that labelling information as advice (compared to answers from previous participant) led 

people to perceive the information as advice even though the helpfulness of the 

information was identical. Therefore, it was expected that participants would treat the 

information in the current experiments as advice. However, it is important to note that 

there are various types of advice (e.g., guidance on decision strategy, socio-emotional 

support) which may be influenced by various factors (e.g., perceived helpfulness, social 

relationship) and the current thesis focused on one type of advice: recommendation in 

favour of a decision. Therefore, the current research findings may only generalise to 

specific types of advice-taking in the real-world. 
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Chapter 2: Adviser Confidence and 
Uncertainty in Advice-Taking Context 
 
 
2.1 Introduction 

People receive advice from a wide variety of sources ranging from experts such as doctors, 

lawyers, and financial advisers, to advice from close others. Taking advice into account 

during decision-making can improve one’s accuracy (Harvey & Fisher, 1997) and result 

in positive behaviour change (Rose et al., 2013). The benefits of soliciting advice have 

been clearly demonstrated in numerous studies (Bonaccio & Dalal, 2006), but people do 

not always effectively incorporate advice into their decision-making (Bailey et al., 2022; 

Soll & Larrick, 2009). Therefore, researchers have been investigating factors that lead to 

greater advice-taking. Studies have found factors such as advisee’s similarity with the 

adviser (Chan et al., 2017; Yaniv et al., 2011), adviser’s level of expertise (Harvey & 

Fisher, 1997), trust in the adviser (Sniezek & Van Swol, 2001; Van Swol, & Sniezek, 

2005), task difficulty (Schrah et al., 2006), and positive valence (De Hooge et al., 2014) 

to influence advice adherence. Although various factors influence advice-taking, the 

current chapter focused on the role of confidence due to its significant impact on advice 

adoption. As discussed in Chapter 1, the definition of confidence varies across disciplines. 

However, in the current thesis, confidence is defined as expectation of the extent to which 

a decision, opinion, or recommendation is correct (Klayman at al., 1999). Adviser 

confidence is a feature that has consistently been found to have a significant impact on 

advice-taking. For instance, Price and Stone (2004) showed that advisees prefer overly 

confident advisers over advisers whose accuracy and confidence are well-calibrated. This 

preference for confident advice was found across different tasks (e.g., face recognition, 

pairing identical geometric shapes) and communication medium (e.g., face-to-face, in 
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writing) (Pulford et al., 2018). In addition, Van Swol and Sniezek (2005) compared five 

factors that may influence advice adoption and found that only adviser confidence had a 

significant impact on advice adoption. Price and Stone (2004) argue that the preference 

for confident advice is because people use adviser confidence as a proxy for how 

competent the adviser is and deem confident advisers to hold more reliable information 

(i.e., confidence heuristic).  

 

Due to strong evidence demonstrating the power of confident advice, one might assume 

that people are averse to advice that expresses uncertainty. However, further research 

suggests that confidence is not what advice-seekers value, but rather what confidence 

represents – competency. Therefore, when information on adviser accuracy is available, 

advisees shift their focus from simple confidence to the relationship between confidence 

and accuracy, and adhere to well-calibrated advisers whose high levels of confidence are 

warranted (Tenney et al., 2008). Thus, advisers lose credibility when they lack accuracy 

but display high confidence (Rader et al., 2017; Sah et al., 2013). In addition, research 

shows that a highly confident adviser is not always preferred. For example, Gaertig and 

Simmons (2018) found in eight studies that advisees are not averse to and even prefer 

advice that portrays uncertainty by using probabilistic terms or advisers who give a range 

of outcomes over exact and precise advice. For example, during a Major League Baseball 

(MLB) game outcome prediction task, a certain adviser said: “The two teams will 

accumulate more than 15.5 hits in this game”. On the other hand, uncertain advice made 

a probabilistic prediction: “There is about a 60% chance that the two teams will 

accumulate more than 15.5 hits in this game”. Additionally, Du and colleagues (2011) 

also found that investors prefer financial forecasts given in ranges rather than simple point 
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estimates. Recent studies have also showed no difference in advice adoption between 

precise and less precise advice (Du et al., 2024; Schultze & Loschelder, 2020).  

 

This positive attitude towards uncertain advice may be explained by examining the 

advice-taking context. For example, in Gaertig and Simmons (2018)’s studies, 

participants predicted future sports game outcomes, weather, and stock prices. The 

outcomes of these are affected by numerous factors and are highly variable. Therefore, 

advice that expresses some level of uncertainty appears context appropriate, whereas an 

overly confident or precise adviser seems overconfident. This suggests that people’s 

preference for confident advisers may depend on the level of uncertainty in the advice-

taking context. In other words, people are not opposed to a lack of confidence but want 

uncertainties to be conveyed in a context-appropriate manner. These results suggest that 

advisees are sensitive to the level of uncertainty in the advice-taking context. The 

experiments in the current chapter extend this idea to examine whether advisees are also 

sensitive to the type of uncertainty prevalent in the advice-taking context.  

 

Researchers suggest that there are different types of uncertainties. For example, 

Kahneman and Tversky (1982) distinguished between internal uncertainty (i.e., stems 

from lack of one’s own knowledge) and external uncertainty (i.e., due to randomness and 

complexity of causal systems in the environment). A more recent study by Ülkümen and 

colleagues also (2016) suggest that there are two types of uncertainties: epistemic and 

aleatory, which were the uncertainty dimensions adopted in the current experiments. 

Epistemic uncertainty refers to uncertainty that arises from lack of knowledge. Thus, the 

uncertainty can be resolved through information-seeking and by obtaining further 

knowledge. There is an absolute true or false answer, such as math problems or trivia 
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questions. Therefore, statements expressing level of confidence in one’s knowledge 

through words, such as certain, sure, confident, are appropriate to describe epistemic 

uncertainties (Ülkümen et al., 2016). On the other hand, aleatory uncertainty 

characterises uncertainties that arise from randomness in the environment and entails 

probabilistic outcomes. Therefore, situations with high levels of aleatory uncertainty are 

unpredictable and should be described in relative frequencies (Ülkümen et al., 2016). For 

example, it is not possible to be certain about which face will show up on a dice role. The 

likelihood of obtaining a certain number can only be expressed in probabilistic terms. 

Therefore, aleatory uncertainties described in likelihood terms (i.e., probability, chance, 

likelihood) are deemed more suitable. The key differences between the two types of 

uncertainties are illustrated in Table 2.1. 

 
Table 2.1 Key differences between epistemic and aleatory uncertainty 

Note. Adopted from “Two Dimensions of Subjective Uncertainty: Clues From Natural 
Language” by G. Ülkümen, C. R. Fox, and B. F. Malle, 2016, Journal of Experimental 
Psychology: General, 145(10), p. 1282. (http://dx.doi.org/10.1037/xge00002021280). 
Copyright 2016 American Psychological Association. 
 
A series of studies conducted by Ülkümen and colleagues (2016) showed that people 

naturally discriminate between the two types of uncertainties and associate different 

linguistic expressions with each type of uncertainty. More specifically, participants were 
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given different scenarios and asked to rate the level of epistemic and aleatory uncertainty 

in each scenario. Participants consistently rated scenarios to have varying levels of 

epistemic and aleatory uncertainties. Furthermore, participants preferred to use 

confidence statements (e.g., “I am X% sure that I will earn at least a 3.0 GPA this 

semester.”) over likelihood statements (e.g., “I think there is a X% chance that I will earn 

at least a 3.0 GPA this semester.”) to describe scenarios with high levels of epistemic 

uncertainty. In contrast, participants’ perceived likelihood statements were more fitting 

than confidence statements to describe scenarios with high levels of aleatory uncertainty 

(Ülkümen et al., 2016). Furthermore, people also seem to alter their behaviour in line with 

their perceived type of contextual uncertainty. For example, people who view the stock 

market as predictable and high in epistemic uncertainty are more likely to seek financial 

advice, whereas people who believe the stock market is random (i.e., high in aleatory 

uncertainty) try to minimise uncertainty by diversifying their investment (e.g., investing 

in a greater number of stocks) (Walters et al., 2023).  

 

These findings suggest that people distinguish between epistemic and aleatory uncertainty 

and behave accordingly. Therefore, it is also possible that people expect advisers to also 

change their advice-giving depending on the advice-taking context. In addition, advisees 

may also attempt to infer adviser competence from linguistic expressions used in advice. 

The confidence heuristic argue that advisees deduce adviser competence from adviser 

confidence. Recent findings suggest that people do not simply equate high confidence as 

greater competence but are sensitive to subtle cues of competence in adviser confidence 

such as the level of uncertainty in the advice-taking context. This suggests that advisees 

process adviser confidence and associated competence in relation to the advice-taking 

context. Thus, it is also possible that advisees infer advisers who use context-appropriate 
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linguistic expressions as more competent. This might be because the adviser’s linguistic 

expressions signal their awareness of the type of uncertainty present in the advice-giving 

context. This would in turn also suggest that the adviser understands how to resolve the 

uncertainty – either by collecting further information or assessing the randomness. Hence, 

the adviser’s context-appropriate linguistic expressions could increase perceived 

competence and lead to greater advice adoption. Therefore, the following hypotheses are 

proposed:  

 

H1: An adviser using confidence terms would be a) perceived as more competent and b) 

be more influential when there are high levels of epistemic uncertainty than aleatory 

uncertainty in the advice-taking context 

 

H2: An adviser using likelihood terms would be a) perceived as more competent and b) 

be more influential when there are high levels of aleatory uncertainty than epistemic 

uncertainty in the advice-taking context 

 

2.1.1 Research Outline 

In order to test the hypotheses, the type of uncertainty (i.e., epistemic vs. aleatory) in the 

advice-taking context and the advisers’ linguistic expressions of confidence were 

manipulated. Each experiment included two tasks, one designed to have high levels of 

epistemic uncertainty and one designed to have high levels of aleatory uncertainty. Each 

task was performed with two advisers, one who used confidence terms (e.g., confident, 

sure, and certain) to give their advice and another who gave their answer in likelihood 

terms (e.g., chance, probability, and likelihood). The experiments followed a mixed 

design where participants only performed one of the two tasks, but all participants 



 38 

interacted with both advisers. The aim of the experiments was to examine if people prefer 

advice that conveys an understanding of the type of contextual uncertainty prevalent in 

the advice-taking context. However, across five experiments, participants showed limited 

preference for advisers who use context-appropriate linguistic expressions.  

 

2.2 Experiment 1 

Experiment 1 examined how difference types of contextual uncertainty (i.e., epistemic vs. 

aleatory) influence advice-takers’ preference for advisers who use confidence versus 

likelihood statements. Past research showed that people prefer to use confidence terms to 

express epistemic uncertainties and find likelihood terms are better suited for describing 

aleatory uncertainties. Therefore, it is possible that people prefer advisers to also use 

context-appropriate terms. To test this, half of the participants completed a task with high 

levels of epistemic uncertainty (estimating historic dates) and the remaining participants 

engaged in a task with high levels of aleatory uncertainty (future temperature prediction). 

Both advisers were presented in each task, where one adviser gave their answer using 

confidence terms (e.g., confident, sure, certain) and the other adviser used likelihood 

terms (e.g., chance, probability, likelihood).  

 

2.2.1 Methods 

Participants. Participants were recruited through Prolific (https://www.prolific.com). In 

total, 60 participants took part in Experiment 1 (30 = Female, 29 = Male, 1 = Prefer not 

to say, Mage = 32.7, SDage = 10.28). Thirty participated in the historic dates task (i.e., 

epistemic task) and the remaining 30 participants completed the temperature prediction 

task (i.e., aleatory task). Prior to engaging in the study, all participants provided informed 
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consent in accordance with the University of Oxford Central University Research Ethics 

Committee guidelines. Participants were compensated with £9/hour. 

 

Task. The two experimental tasks followed the judge-adviser system (JAS) (Sniezek & 

Buckley, 1995), a paradigm widely used in the advice-taking research. First, a judge (the 

participant) gives their initial answer and then views advice from an adviser. After, the 

judge is given a chance to update their answer. The difference in the judge’s initial and 

final answer reflects the influence of the advice given.  

 

In the historic dates (epistemic) task, participants were asked to estimate which year 

historic events occurred. This task was selected as there is a clear correct answer that is 

knowable. Participants were given a historic event in bold and an anchor year, and asked 

if the event occurred before or after the anchor year (e.g., “Did the following event occur 

before or after the year 1956? Soviet cosmonaut Yuri Gagarin becomes the first 

human to travel in space”). Participants were also asked to provide their accompanying 

confidence level. Confidence was collected using a horizontal scale, where each end had 

the two possible answer categories: 100% before to 100% after. The midpoint of the scale 

corresponded to 50% confident, indicating not selecting either before or after (e.g., in a 

coin toss 50% chance of heads also means 50% chance of tails). Therefore, the midpoint 

was unselectable to force an answer. Participants answered by moving a slider along the 

horizontal scale. Once an initial answer was submitted, one of the two advisers (i.e., either 

using confidence or likelihood terms) gave their answer and confidence. While viewing 

the adviser, participants were given a chance to keep the slider at their initial answer or 

move the slider to change their answer. Here, the slider starting point was participants’ 

initial answer. An example question is shown in Figure 2.1.  
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Figure 2.1 Example question of historic dates (epistemic) task in Experiment 1 

 

In the temperature prediction (aleatory) task, participants were asked if the temperature 

of a given city for a specific future date would be higher or lower than an anchor 

temperature (e.g., “Will the high temperature in Vienna Austria on August 31, 2023 be 

lower or higher than 17 degrees Celsius?”). This task was designed to incorporate 

characteristics of aleatory uncertainty as future temperature generally has a range of 

outcomes and the correct answer is unknowable, being subject to inherent variability. 

Once again, an anchor temperature was provided (e.g., 17), and participants answered on 

a horizontal scale ranging from 100% lower to 100% higher using a slider. After 

providing their initial answer participants viewed either the confidence term-using 

(epistemic) or likelihood term-using (aleatory) adviser. The slider scale format and 

answering method was identical to the historic dates (epistemic) task. An example is 

shown in Figure 2.2.  
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Figure 2.2 Example question of temperature prediction (aleatory) task of Experiment 1 

 

In both tasks, the anchor value was generated from a truncated normal distribution (M = 

0, SD = 8) bounded at -10 to +10. This set-up of using anchor values was to allow the 

advisers’ confidence to vary in relation to the task difficulty, such that greater distance 

between the adviser’s answer (e.g., year of the historic event) and the anchor year led to 

higher adviser confidence. Therefore, the adviser confidence was meaningfully calibrated 

with the correct answer but was not perfectly correlated. Detailed explanation of how 

adviser confidence was calculated is outlined in the Advisers section 

Advisers. The advisers were presented as coloured outline figures (blue and green) and 

were referred to ‘Adviser A’ and ‘Adviser B’. This was to limit the impact of confounding 

variables that could arise from preference in personal characteristics (e.g., race, gender) 

if realistic images were used. 

 

The advice was computer generated, and the two advisers’ accuracy was similar. The 

advisers held their own imperfect representation of the correct answer which was 

generated by adding a random number to the answer. More specifically, for the historic 
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dates (epistemic) task, the advisers’ answer was formulated by adding a random number 

to the correct year. Similarly, for the aleatory task, a random number was added to the 

forecasted temperature, obtained from AccuWeather (https://www.accuweather.com), of 

the relevant city on the date in question. A random number between -10 and +10 was 

generated from a truncated normal distribution (M = 0, SD = 8). Adviser confidence was 

meaningfully calibrated, where a greater difference in the adviser’s answer and anchor 

year or temperature resulted in greater adviser confidence. For example, if the difference 

between the adviser’s answer and the anchor number was less than or equal to two, the 

adviser confidence was randomly selected to be an integer between 51 and 60. When the 

difference was greater than or equal to 10, the advisers expressed confidence between 91 

to 100. The advisers’ answers were formulated independently from the anchor value. The 

advisers’ answer was not available to the participants and was only used to generate 

adviser confidence.  

 

Procedure. The experiment adopted a mixed design where participants only performed 

one type of task. However, all participants viewed both the adviser using confidence terms 

(epistemic adviser) and the adviser using likelihood terms (aleatory adviser) regardless of 

the task type. The procedure was identical for the historic dates (epistemic) and 

temperature prediction (aleatory) task.  

 

Participants were first instructed about the task they would perform and were provided 

with an example question. After providing an initial answer, participants were introduced 

to the two advisers. One adviser gave advice using words such as confident, sure, and 

certain (i.e., confidence terms). We termed this adviser as the epistemic adviser because 

previous research has shown that people typically associate these words with epistemic 
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uncertainty. The other adviser answered using chance, probability, and likelihood terms 

(i.e., likelihood terms), which people typically associate with aleatory uncertainty, and 

hence we labelled as the aleatory adviser. For instance, the epistemic adviser said, “I am 

X% confident that…” and the aleatory adviser would state “There is a X% chance that…” 

(refer to Figure 2.1 and Figure 2.2). In the example question, the two advisers gave 

identical confidence levels and answers. While viewing the advice, participants gave their 

final answer to the example question, and then moved on to the training block.  

 

The training block comprised of six trials, where participants viewed each adviser three 

times. In both tasks, the advisers alternated every trial, and participants viewed each 

adviser equal number of times. The order the advisers were presented was 

counterbalanced across participants. After completing the training block, participants 

completed a test block containing 18 questions in which advisers appeared in an 

alternating order (same as the training block). Thus, participants viewed each adviser nine 

times and each term (six terms in total – three confidence, three likelihood) three times 

during the test block. 

 

Once participants completed the test block, they were asked to rate the competence of 

each adviser using 7 questions (e.g., How knowledgeable is this adviser?, How credible 

is this adviser?) on a 7-point Likert-scale (1 = Not at all, 7 = Extremely). An overall rating 

was calculated as the average of these 7 answers. The questionnaire was extracted from 

Gaertig and Simmons (2018). To investigate if participants could distinguish between the 

two advisers, an adviser distinction score was collected. More specifically, participants 

were given six statements involving the six terms (three confidence and three likelihood 

terms) used by the two advisers and were asked to match the statements to each adviser. 
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Lastly, participants rated their perceived level of epistemic and aleatory uncertainty of 

the task using a 4-item Epistemic-Aleatory Rating Scale (EARS), adapted from Walters 

and colleagues (2023). An answer for each item was collected on a 7-point Likert-scale 

(1 = Not at all, 7 = Very Much). Out of the 4-items, two measured the perceived levels of 

epistemic uncertainty and the remaining two measured the perceived level of aleatory 

uncertainty. The average of the two items was calculated to represent each type of 

uncertainty. As previously discussed, epistemic and aleatory uncertainty are two separate 

dimensions, and a task could have both high levels of epistemic and aleatory uncertainty. 

All measures are available in the appendices.  

 

Data Analysis. The aim of the experiment was to compare how differing levels of 

epistemic and aleatory uncertainty in the advice-taking context shaped preference for 

advisers’ use of confidence (confident, sure, certain) versus likelihood (chance, 

probability, likelihood) terms in their advice. The main analyses of interest were therefore 

of the perceived competence of the two advisers and how influential the advisers were on 

participants’ answers across the two tasks. Thus, a 2 (task type) x 2 (adviser type) 

ANOVA was conducted. If the interaction effect was significant, pairwise comparisons 

with Bonferroni correction was carried out. The competency rating of each adviser was 

compared across the two tasks. In addition to the hypotheses testing, adviser rating was 

also compared within each task.   

 

Advice influence was measured to examine the degree of advice adoption. Difference in 

participants’ initial and final confidence was used to measure the influence of advice on 

each trial. This average was calculated separately for cases where the adviser agreed or 

disagreed with the participants’ initial answer. An adviser’s overall influence was 
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calculated as the difference in average confidence change in agreeing and disagreeing 

trials:  

Adviser influence = MΔconfidence for agreement - MΔconfidence for disagreement 

A 2 (task type) x 2 (adviser type) ANOVA with adviser influence as the dependent 

variable was conducted to test if the advisers’ relative influence differed by task type. 

Identical to the ANOVA on adviser competence rating, pairwise comparisons with 

Bonferroni correction were conducted if the interaction effect was significant. Each 

adviser’s influence was compared across the two tasks to test the hypotheses. Additional 

pairwise comparison with Bonferroni correction were carried out to compare the 

influence of the two advisers within each task.   

 

Additional analyses were carried out as checks on the effectiveness of the experimental 

manipulations. First, the two tasks were designed to have varying levels of epistemic and 

aleatory uncertainty. Participants were expected to perceive the historic dates task to have 

high levels of epistemic uncertainty but low levels of aleatory uncertainty. The opposite 

pattern was expected for the temperature prediction task. To test this, a 2 (task type) x 2 

(epistemicness vs. aleatoriness) ANOVA was conducted with the EARS score as the 

dependent variable. Another analysis assessed whether participants distinguished 

between the two advisers (adviser distinction score), in terms of identifying which adviser 

used confidence or likelihood terms. The maximum score for the adviser distinction 

questions was six (three confidence and three likelihood terms), and thus participants 

were expected to perform above chance level (i.e., get score above three). Therefore, 

participants’ adviser distinction score was tested to establish if it was significantly 

different from three using a t-test. Additionally, it was necessary to ensure that the task 
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difficulty was similar. Therefore, participants’ initial accuracy in the historic dates 

(epistemic) task and the temperature prediction (aleatory) task was compared using a t-

test.  

 

2.2.2 Results 

Table 2.2 Descriptive statistics of measures in Experiment 1 
 Historic Dates (epistemic) 

task 
 Temperature Prediction 

(aleatory) task  
M SE  M SE 

Epistemic Adviser Rating 4.7 0.2  4.6 0.2 
Aleatory Adviser Rating 4.7 0.2  4.4 0.2 
Epistemic Adviser Influence 28.2 3.4  12.7 2.9 
Aleatory Adviser Influence 27.7   3.8  12.1 3.4 
Task Epistemicness 11.3 0.4  10.3 0.4 
Task Aleatoriness 5.8 0.5  8.2 0.6 
Adviser Distinction Score 2.7 (2.0)   3.7 (2.0)  

Note. Values in parentheses are standard deviations. 
 

Adviser Rating. Adviser rating was analysed to investigate if there was a difference in 

perceived adviser competence by task type. A 2 (task type) x 2 (adviser type) ANOVA 

was carried out to inspect if there is a difference in adviser competence rating by task 

type. There was no main effect of task type nor adviser type, where both F < 1, (η2 = .012, 

η2 = .001, respectively). The adviser rating was not expected to differ based on task type 

or overall be particularly higher for one adviser. However, an interaction effect was 

expected as it was hypothesised that the adviser using confidence terms (epistemic adviser) 

would be rated as more competent in the historic dates (epistemic) task than in the 

temperature prediction (aleatory) task. On the other hand, the likelihood term-using 

(aleatory) adviser would be perceived as more competent in the temperature prediction 

(aleatory) task than in the historic dates (epistemic) task. The interaction effect between 

task type and adviser type was not significant, F < 1, η2 < .001. As seen in Figure 2.3, 
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adviser competency rating was similar for both tasks and advisers. The lack of significant 

effects was unexpected. Therefore, a Bayesian ANOVA was conducted to compare the 

fit of the data between the null and alternative hypotheses using the BayesFactor package 

in R (Morey & Rouder, 2018) with the default Cauchy prior, r = 0.707. However, the 

results were consistent regardless of the prior used. The analysis found anecdotal evidence 

against the main effect of task type (BF10 = 0.43) and substantial evidence against adviser 

type (BF10 = 0.22). Of critical interest was the interaction effect. Therefore, the model 

with the two main effects and the full model (two models and interaction term) was 

compared, which found substantial evidence for the absence of interaction effect (BF10 = 

0.28). Therefore, no evidence was found to suggest that the interaction term meaningfully 

explain the variation in the data. 

Figure 2.3 Adviser rating by task type in Experiment 1 
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Adviser Influence. The second main analysis was regarding adviser influence. The 

influence of advice was measured as participants’ change in confidence from initial to 

final answer as a function of whether the adviser agreed or disagreed with participants’ 

initial decision. A 2 (task type) x 2 (adviser type) ANOVA with adviser influence as the 

dependent measure was conducted. There was a significant main effect of task type, F(1, 

58) = 14.23, p < .001, η2 = .15. Both advisers were more influential in the historic dates 

(epistemic) task than in the temperature prediction (aleatory) task (Figure 2.4). The 

inherent randomness in the aleatory task might have reduced the perceived usefulness of 

advice and reduced the overall adviser influence. There was no main effect of adviser 

type, F < 1, η2 < .001. The interaction effect was examined to investigate if each adviser’s 

influence differed by task type (H1 & H2). A significant interaction effect and pairwise 

comparison would demonstrate that the adviser using confidence term is more influential 

in the historic dates (epistemic) task than in the temperature prediction (aleatory) task. On 

the other hand, the likelihood term using adviser would be more influential in the 

temperature prediction (aleatory) task than in the historic dates (epistemic) task. Contrary 

to the hypotheses, there was no significant interaction effect between task type and 

adviser type, F < 1, η2 < .001. Same results were obtained with Bayesian ANOVA, which 

found decisive evidence for a main effect of task type (BF10 = 71.54). However, there was 

substantial evidence against the main effect of adviser type (BF10 = 0.20). The Bayes 

Factor for the interaction term was calculated by comparing the main effects only model 

and full model (main effects and interaction), which found decisive evidence for the 

absence interaction effect (BF10 = 0.26).  
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Figure 2.4 Adviser influence by task type in Experiment 1 

 

Epistemic-Aleatory Rating Scale (EARS). Participants’ perceived level of epistemic and 

aleatory uncertainty of each task was recorded. A 2 (task type) x 2 (epistemicness vs. 

aleatoriness) ANOVA was conducted with overall rating as the dependent variable. The 

main effect of task type was not significant, F(1, 58) = 3.45, p = .068, η2 = .02. This was 

expected as the historic dates (epistemic) task would score highly for epistemicness but 

low for aleatoriness. In contrast, the opposite would be true for temperature prediction 

(aleatory) task and thus, the overall rating would be similar. On the other hand, there was 

a significant main effect of rating type, F(1, 58) = 46.76, p < .001, η2 = .36. The overall 

epsitemicness rating was greater than the overall aleatoriness rating. This was driven by 

the temperature prediction (aleatory) task where the epistemicness and aleatoriness rating 

were both high. The interaction effect was the main focus of the current analysis as it was 

expected that perceived epistemic uncertainty would be higher in the historic dates 

(epistemic) task whereas aleatoriness rating would be greater in the temperature 

0

25

50

Historic Dates (epistemic) Temperature Prediction (aleatory)
Task

Ad
vi

se
r I

nf
lu

en
ce

Adviser Confidence (epistemic) Likelihood (aleatory)

Adviser Influence



 50 

prediction (aleatory) task. There was a significant interaction effect between task and 

rating types (epistemicness vs. aleatoriness), F(1, 58) = 9.46, p = .003, η2 = .10. Therefore, 

a pairwise comparison with Bonferroni correction was carried out to further examine the 

interaction effect. The perceived level of epistemic uncertainty did not differ significantly 

by task type, p = .057, d = -0.50. However, the epistemicness rating was numerically 

higher in the historic dates (epistemic) task compared to the temperature prediction 

(aleatory) task (Figure 2.5). As predicted, the aleatoriness rating was significantly higher 

in the temperature prediction (aleatory) task than in the historic dates (epistemic) task, p 

= .003, d = 0.80. For participants performing the historical dates (epistemic) task, their 

task epistemicness rating was significantly higher than the task aleatoriness rating, p 

< .001, d = -2.35. Similarly, participants’ epistemicness rating was significantly higher 

than the aleatoriness rating within the temperature prediction (aleatory) task, p = .005, d 

= -0.75. This was unexpected as the temperature prediction (aleatory) task was designed 

to have high levels of aleatory uncertainty rather than epistemic uncertainty.  

Figure 2.5 Epistemic aleatory rating scale by task type in Experiment 1 
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Adviser distinction. The adviser rating and influence results were not as hypothesised 

despite the EARS results, which suggested that the task uncertainty manipulation was 

fairly successful. Therefore, whether participants could distinguish between the two 

advisers were examined. Analysis of the adviser distinction score was carried out to 

determine if participants were able to identify which terms (confidence vs. likelihood) 

were used by each adviser. Score for the adviser distinction was calculated based on the 

number of statements participants correctly paired with each adviser. The maximum score 

was six (three confidence and three likelihood terms). Participants’ adviser distinction 

score was not significantly better than chance level (M = 3.18, SD = 2.06), t < 1, d = 0.09. 

Furthermore, most participants’ adviser distinction score was below three (Figure 2.6). 

This demonstrates that participants had difficulties identifying the terms used by each 

adviser.  

Figure 2.6 Adviser distinction score by task type in Experiment 1 

 
Accuracy. Participants’ initial accuracy (prior to receiving advice) was calculated using 
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retrieved from AccuWeather (https://www.accuweather.com) for the temperature 

prediction (aleatory) task. Participants’ initial accuracy for the two tasks did not differ 

significantly, t < 1, d = 0.18. This affirmed that the disparity in task difficulty was not 

substantial, as intended. Additionally, a 2X2 ANOVA was carried out with time point 

(initial vs final) and task type (historic dates vs temperature prediction) as the independent 

variables and accuracy as the dependent variable. The main effect of time point was 

significant, F(1, 58) = 57.18, p < .001, η2 = .225. This suggests that participants accuracy 

significantly improved following advice (Table 2.3). However, the main effect of task 

type was not significant F < 1, p = .512, η2 = .005. The interaction effect was also not 

significant F < 1, p = .760, η2 < .001 

Table 2.3 Participant’s Accuracy by task in Experiment 1 

 

2.2.3 Discussion 

In the current experiment, it was hypothesised that advisees would prefer advisers who 

use context appropriate linguistic expressions. Additionally, this preference for advisers 

to use different linguistic expressions would stem from the assumptions that the adviser 

has a better understanding of the contextual uncertainty and thus more competent. 

Contrary to predictions, the results showed that ratings of the two advisers’ (confidence 

vs. likelihood terms) competence and influence did not differ by task type. Additionally, 

within the historic dates (epistemic) task, the competence rating of the adviser using 

confidence terms and adviser using likelihood terms did not significantly differ, which 

was also the case within the temperature prediction (aleatory) task. The two advisers’ 

influence also did not differ across the two tasks nor within each task. 

 Historic Dates 
(epistemic) task 

 Temperature Prediction 
(aleatory) task 

M SD  M SD 
Initial Accuracy (%) 63 0.15  61 0.12 
Final Accuracy (%) 76 0.14  75 0.10 
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These findings were unanticipated as according to past research, people coherently 

distinguish between the two types of uncertainties and tend to use linguistic expressions 

that are consistent with their perceived type of uncertainty (Ülkümen et al., 2016). Thus, 

it was expected that this would transfer to advice-taking and people would prefer advice 

given in linguistic expressions that matches the type of contextual uncertainty. The 

advice-taking context had an effect on overall adviser influence, where both advisers were 

significantly more influential in the historic dates (epistemic) task rather than in the 

temperature prediction (aleatory) task. This difference could be due to the nature of the 

two tasks. Participants might have believed that predicting future temperature has an 

element of randomness and thus, advice is not useful.  

 

The overall results were not as anticipated therefore the robustness of the methodology 

was tested by examining the Epistemic-Aleatory Rating Scale (EARS) score and adviser 

distinction score. As expected, the EARS score showed that participants perceived the 

historic dates (epistemic) task to be higher in epistemic uncertainty rather than aleatory 

uncertainty. This suggests that people perceive uncertainty in estimating historic dates to 

arise primarily from lack of knowledge rather than contextual randomness. The aleatory 

uncertainty rating for the temperature prediction (aleatory) task was significantly higher 

than the historic dates (epistemic) task. Therefore, participants viewed predicting future 

temperature to have a greater element of randomness than guessing historic dates. 

Surprisingly, the epistemicness rating in the temperature prediction (aleatory) task was 

significantly higher than the aleatoriness rating. This result was unexpected as past studies 

used a variation of the temperature prediction task (e.g., estimating weather) and found 

that participants perceived the task to have high levels of aleatory uncertainty 
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(Tannenbaum et al., 2017). Despite the similar epistemic and aleatory uncertainty rating 

within the temperature prediction (aleatory) task, the task uncertainty manipulation was 

mostly successful and unlikely to explain the lack of findings. Next, the adviser 

distinction score was examined which was not significantly better than chance level, 

indicating that participants had difficulties associating each term to the two advisers. It is 

possible that the results in the current experiment were driven by this difficulty 

distinguishing between the two advisers. In the experiment, outline figures were used to 

represent the two advisers and the advisers alternated after each trial. This might have 

made it challenging to differentiate and form distinct representations of the two advisers.  

 

The methodological shortcomings of Experiment 1 hindered the testing of the hypotheses. 

Therefore, we ran a follow-up experiment with changes that were designed to facilitate 

the distinction between the two advisers. More specifically, photos were used to represent 

the advisers instead of coloured outline figures. Additionally, the same adviser was 

presented for a few successive trials and then alternated, rather than alternating after every 

trial. This should allow participants to become accustomed to each adviser. However, the 

tasks for Experiment 2 remained identical to Experiment 1. The historic dates (epistemic) 

task was perceived to have higher levels of epistemic uncertainty than aleatory 

uncertainty. Although the within task uncertainty rating for the temperature prediction 

(aleatory) task was not as expected, the aleatory uncertainty rating was still higher in the 

temperature prediction (aleatory) task than in the historic dates (epistemic) task. 

Therefore, hypotheses testing was still expected to be possible despite some limitations 

in task manipulation.  
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2.3 Experiment 2 

Experiment 2 was designed to improve the methodological flaws of Experiment 1 to 

better test if the different types of contextual uncertainties affect perception of advisers’ 

linguistic expressions. The adviser distinction score in Experiment 1 showed that 

participants were unable to consistently distinguish between the two advisers. Therefore, 

in Experiment 2, advisers were represented using faces of real people, and each adviser 

appeared for a few trials in a row, to facilitate differentiation of advisers. The same tasks 

were used in Experiment 2 to reproduce the successful task manipulation in Experiment 

1. Once again, participants only performed one task, but all participants viewed two 

advisers – one using confidence terms and the other using likelihood terms.  

 

2.3.1 Methods 

Participants. In Experiment 2, 60 participants (29 = Female, 28 = Male, 1 = Non-binary, 

1 = Prefer not to say, Mage = 37.3 SDage = 13.02) were once again recruited through Prolific 

(https://www.prolific.com). There were 30 participants performing the historic dates 

(epistemic) task and 30 participants in the temperature prediction (aleatory) task. 

Informed consent was obtained from all participants before engaging in the study and 

participants were compensated with £9/hour. 

 

Task. The tasks in Experiment 2 were identical to those used in Experiment 1. For the 

task designed to have high levels of epistemic uncertainty, participants estimated if a 

historic event occurred before or after a specific year (epistemic task). In the second task, 

participants predicted if the temperature of a given city on a specific future date would be 

higher or lower than a given temperature (aleatory task).  
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Advisers. The adviser distinction score from Experiment 1 showed that participants had 

difficulties distinguishing between the two advisers. Thus, pictures of real people were 

selected from the Chicago Face Database (CFD) (https://www.chicagofaces.org) on the 

assumption that these would be more distinctive to participants. Two pictures of white 

men who were smiling with their mouth closed were chosen to represent the two advisers 

and were also given names (James and Henry).  Additionally, the two faces were chosen 

to be matched for norm-rated trustworthiness and attractiveness based on the CFD data, 

as these factors have been found to influence advice adherence (Strong, 1968). Adviser 

features (e.g., gender, race, trustworthiness) were controlled as these factors could be a 

source of variance during advice-taking. Since the aim of the experiment was to examine 

the effect of advisers’ expressions of confidence (i.e., confidence vs. likelihood terms), 

these additional adviser features were controlled to better detect the effects. 

 

In addition to changing the advisers’ pictures, the shape of the speech bubbles was 

different for each adviser (square vs. smooth edges). Furthermore, advice appeared on the 

screen line-by-line to encourage participants to read all of the advice and the linguistic 

expressions (i.e., confidence or likelihood terms) were capitalised. The adviser pictures, 

names and presentation order were randomised. The two advisers are shown in Figures 

2.7 and 2.8. Adviser confidence was generated using the same method as Experiment 1. 

Advice was devised by adding a random number to the correct answer. The difference 

between the advisers’ answer and the anchor year or temperature determined the advisers’ 

confidence, where greater difference led to higher confidence.  

 

Procedure. The overall procedure of Experiment 2 was nearly identical to Experiment 1. 

Participants for both tasks were first given instructions with an example question and 
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submitted their initial answer and confidence level using the same horizontal scale as 

Experiment 1. After, they were given advice from the two advisers. The two advisers 

gave identical answers and confidence level but only differed in the linguistic expressions 

(i.e., confidence vs. likelihood terms) used in their advice. Participants were given a 

chance to update their answer while viewing the advisers (i.e., the experimental procedure 

followed a Judge Adviser System). As in Experiment 1, there were six trials in the training 

block and 18 trials in the test block. However, in contrast to Experiment 1 in which the 

advisers alternated every trial, here one adviser appeared for three consecutive trials and 

then the other adviser was shown for the next three trials. The order each adviser was 

presented was counterbalanced. After the test block, participants rated each advisers’ 

competence, completed the adviser distinction questions and the Epistemic-Aleatory 

Rating Scale (EARS) using the same materials as Experiment 1 (refer to appendix A). 

Examples of the two task questions and advisers are shown in Figures 2.7 and 2.8. 

Figure 2.7 Example question of historic dates (epistemic) task in Experiment 2 
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Figure 2.8 Example question of temperature prediction (aleatory) task in Experiment 2 
 

 

Data Analysis.  

Experiment 2 remained largely similar to Experiment 1 and thus data were analysed 

following the same method. In order to ensure that the task manipulation was successful, 

participants’ perceived level of epistemic and aleatory uncertainty in each task was 

analysed. A 2 (task type) x 2 (epistemicness vs. aleatoriness) ANOVA with the Epistemic-

Aleatory Rating Scale (EARS) score as the dependent variable was conducted. The 

adviser distinction score (max. score six) was tested against three through a t-test. This 

was to examine if participants can distinguish between the two advisers above chance 

level. Additionally, to ensure that the two tasks had a similar level of difficulty, 

participants initial accuracy was compared across the two tasks using a t-test.  

 

The main objective of the experiment was to examine if there was a difference in adviser 

rating and influence by task type (H1 & H2). Therefore, two 2 (task type) x 2 (adviser 

type) ANOVAs were conducted, one with adviser rating as the dependent variable and 
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another with adviser influence as the dependent variable. Adviser influence was 

calculated following the same method as Experiment 1. 

 

2.3.2 Results 

Table 2.4 Descriptive statistics of measures in Experiment 2 
 Historic Dates 

(epistemic) task 
 Temperature Prediction 

(aleatory) task 
M SE  M SE 

Task Epistemicness 10.9 0.4  8.7 0.4 
Task Aleatoriness 5.7 0.5  9.7 0.4 
Epistemic Adviser Rating 4.2 0.3  4.1 0.2 
Aleatory Adviser Rating 3.6  0.3  4.3 0.2 
Epistemic Adviser Influence 27.6 4.2  16.9 3.2 
Aleatory Adviser Influence 20.0 3.9  19.4 3.4 
Adviser Distinction Score 3.5 (1.8)   3.9 (1.4)  

Note. Values in parentheses are standard deviations. 
 
Epistemic-Aleatory Rating Scale (EARS). Prior to testing the hypotheses, additional 

analyses were conducted to ensure that the experimental manipulations were successful. 

Firstly, analysis of participants’ perceived level of epistemic and aleatory uncertainty for 

the historic dates (epistemic) task and temperature prediction (aleatory) task was 

conducted. In light of previous literature and Experiment 1, it was expected that the 

epistemicness rating would be higher in the historic dates (epistemic) task whereas the 

aleatoriness rating would be greater in the temperature prediction (aleatory) task. 

 

A 2 (task type) x 2 (epistemicness vs. aleatoriness) ANOVA revealed significant main 

effects of task type, F(1, 58) = 4.24, p =.044, η2 = .04, and rating type, F(1, 58) = 25.40, 

p < .001, η2 = .17. Similar to Experiment 1, the temperature prediction (aleatory) task was 

rated highly in both aleatory and epistemic uncertainty, thus giving rise to the two 

significant main effects observed. Of critical interest was the interaction between task 

type and rating type, which was also significant, F(1, 58) = 56.53, p < .001, η2 = .32. 
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Pairwise comparison with Bonferroni correction revealed that perceived level of 

epistemic uncertainty was greater in the historic dates (epistemic) task compared to the 

temperature prediction (aleatory) task, p < .001, d = -1.00. On the other hand, perceived 

level of aleatory uncertainty was higher in the temperature prediction (aleatory) task, p 

< .001, d = 1.68. Additionally, the epistemicness rating was significantly higher than the 

aleatoriness rating within the historic dates (epistemic) task, p < .001, d = -2.07. However, 

as visible in Figure 2.9, within temperature prediction (aleatory) task, the aleatoriness 

rating was numerically greater than the epistemicness rating, but this difference was not 

significant, p = .066, d = 0.50.  

Figure 2.9 Epistemic-Aleatory Rating Scale (EARS) by task in Experiment 2 

 

Adviser distinction. Experiment 1 showed that participants had difficulties distinguishing 

between the two advisers. This is likely to have contributed to the lack of findings in 
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each adviser (e.g., pictures to represent advisers). In Experiment 2, participants’ adviser 

distinction score was significantly above chance level (M = 3.72, SD = 1.57), t(59) = 3.53, 

p < .001, d = 0.46. This finding suggests that participants were able to distinguish between 

the two advisers. Figure 2.10 shows that the majority of participants scored three or four 

but also about 20% of participants accurately matched all statements to the correct adviser 

(i.e., score six).   

Figure 2.10 Adviser distinction score by task type in Experiment 2 

 

Accuracy. In order to ensure that task difficulty was at a similar level for both tasks, 

participants’ initial accuracy (accuracy before advice) was calculated following the same 

method as Experiment 1. Participants’ accuracy in the historic dates (epistemic) task did 

not significantly differ compared to the participants’ accuracy in the temperature 

prediction (aleatory) task, t(58) = -1.62, p = .110, d = -0.42. However, participants’ initial 

accuracy was numerically higher in the temperature prediction (aleatory) task. A 2 (initial 
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vs. final) x 2 (historic dates vs. temperature prediction) ANOVA found a significant main 

effect of time point, F(1, 58) = 40.6, p < .001, η2 = .12. However, the main effect of task 

type F(1, 58) = 1.68, p = .20, η2 = .023, and the interaction term, F(1, 58) = 1.37, p = .247, 

η2 = .005, were not significant.  

Table 2.5 Participant’s Accuracy by Task in Experiment 2 

 

Adviser Rating. One of the main predictions was that there would be a difference in 

perceived competence between the two advisers (using confidence vs. likelihood terms) 

based on task uncertainty (H1 & H2). This was tested with a 2 (task type) x 2 (adviser 

type) ANOVA. There was no significant main effect of task type, F(1, 58) = 1.01, p = .319, 

η2 = .01. The main effect of adviser type was also not significant, F(1, 58) = 1.19, p = .279, 

η2 = .005. The main effects were not expected to be significant as the overall adviser 

rating should be similar between the two tasks. However, critically, there was a significant 

interaction between task type and adviser type, F(1, 58) = 7.50, p =.008, η2 = .03. The 

interaction effects were further examined through pairwise comparisons with Bonferroni 

correction. The confidence term-using (epistemic) adviser rating did not differ 

significantly by task, p = .695 d = -0.10. On the other hand, the likelihood term-using 

(aleatory) adviser was rated as significantly more competent in the temperature prediction 

(aleatory) task than in the historic dates (epistemic) task, p = .027, d = 0.60. Within the 

historic dates (epistemic) task, the rating of the confidence term-using (epistemic) adviser 

was numerically greater, but the difference was not significant, p = .123, d = -0.40. 

Similarly, within the temperature prediction (aleatory) task, the likelihood term-using 

(aleatory) adviser rating was numerically higher, but the difference was not significant, p 

 Historic Dates 
(epistemic) task 

 Temperature Prediction 
(aleatory) task 

M SD  M SD 
Initial Accuracy (%) 60 0.14  65 0.11 
Final Accuracy (%) 71 0.14  73 0.10 
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= .341, d = 0.25. A Bayesian ANOVA was also carried out to examine the support for the 

hypotheses. There was anecdotal evidence against the main effect of task type (BF10 = 

0.40). The evidence against the main effect of adviser type (BF10 = 0.25) was substantial. 

The Bayes Factor for the interaction term was derived by comparing the model that only 

included the two main effects and the model that also included the interaction term, which 

found substantial evidence for the interaction term (BF10 = 5.76).  

Figure 2.11 Adviser Competency Rating by Task in Experiment 2 

Adviser Influence. It was also hypothesised that the degree of advice adoption for each 

adviser would vary by task type (H1 & H2). In order to test the hypotheses, a 2 (task type) 

x 2 (adviser type) ANOVA was carried out with adviser influence as the dependent 

variable. The main effect of task type was not significant, F(1, 58) = 1.41, p = .239, η2 

= .02. This was also the case for adviser type, F(1, 58) = 1.51, p = .224, η2 = .004. Adviser 

influence was not expected to vary by task or adviser. The main interest was the 

interaction effect between task type and adviser, which was significant, F(1, 58) = 6.83, 
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p =.011, η2 = .02. The adviser using confidence terms (epistemic adviser) was 

significantly more influential in the historic dates (epistemic) task compared to the 

temperature prediction (aleatory) task, p = .042, d = -0.54. The influence of the adviser 

using likelihood term (aleatory adviser) did not differ significantly by task type, p = .912, 

d = -0.03. Within the historic dates (epistemic) task, the confidence term-using (epistemic) 

adviser’s influence was numerically greater than the adviser using likelihood terms 

(aleatory adviser), but the difference was not significant, p = .195, d = -0.34. Adviser 

influence did not differ significantly within the temperature prediction (aleatory) task, p 

= .553, d = 0.20. Yet the numerical trend was as predicted with likelihood term-using 

(aleatory) adviser’s influence slightly higher than the confidence term-using (epistemic) 

adviser (Figure 2.12). The results of the Bayesian ANOVA showed anecdotal evidence 

regarding the main effect of task (BF10 = 0.62) and adviser type (BF10 = 0.36). There was 

substantial evidence for the interaction term (BF10 = 4.34).  

Figure 2.12 Adviser Influence by Task in Experiment 2 
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2.3.3 Discussion 

The methodological changes resulted in improved experimental manipulations. The 

adviser distinction score showed that participants were better able to distinguish between 

the two types of advisers and identify which linguistic expression each adviser used. The 

Epistemic-Aleatory Rating Scale (EARS) scores were generally as expected and in line 

with Experiment 1. Participants viewed the historic dates (epistemic) task to have higher 

levels of epistemic uncertainty compared to the temperature prediction (aleatory) task. 

Conversely, the perceived level of aleatory uncertainty rating was significantly higher in 

the temperature prediction (aleatory) task than in the historic dates (epistemic) task. The 

EARS score differed within each task as well in the expected direction. However, the 

difference within the temperature prediction (aleatory) task was not significant. Similar 

to Experiment 1, participants believed that there is some level of epistemic uncertainty 

associated with future temperature prediction.  

 

The findings on adviser competence rating and adviser influence partially supported the 

hypotheses. The adviser who gave advice using likelihood terms (aleatory adviser) was 

rated as more competent in the temperature prediction (aleatory) task compared to the 

historic dates (epistemic) task. The adviser who used confidence terms (epistemic adviser) 

was on average perceived as more competent in the historic dates (epistemic) task than in 

the temperature prediction (aleatory) task, although the difference was not significant. 

Advisers’ influence on participants’ answers also differed by task type, where the 

confidence term-using (epistemic) adviser’s influence was greater in the historic dates 

(epistemic) task compared to the temperature prediction (aleatory) task. The likelihood 

term-using (aleatory) adviser’s influence did not differ by task type. Therefore, the results 

of adviser competence rating and adviser influence together shows that people are 
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moderately sensitive to the relationship between advisers’ linguistic expression and the 

type of contextual uncertainty.  

 

These results extend Ülkümen and colleagues’ (2016) findings, which showed that people 

prefer to describe epistemic uncertainty using confidence terms but tend to use likelihood 

terms to depict aleatory uncertainty. In the current experiment, participants exhibited 

greater advice adoption for advisers who used context-appropriate linguistic expressions 

in their advice. This might be because the use of different linguistic expressions signals 

that the adviser can accurately assess the source of the uncertainty in the advice-taking 

context, and thus demonstrates greater knowledge and understanding. Participants appear 

to be sensitive to this subtle signal and infer the adviser’s ability from their linguistic 

expressions. The findings are also in line with the confidence heuristic, which argues that 

advisees infer adviser accuracy and knowledge from adviser confidence (Price & Stone, 

2004). In previous literature, these inferences were made regarding the magnitude of 

adviser confidence (e.g., numerical value). However, in the current experiments, 

participants appear to be using advisers’ linguistic expressions to construe advisers’ 

knowledge.  

 

On the other hand, in Experiments 1 and 2, participants in each group performed two 

distinct tasks, and difference in task features may have contributed to the significant 

results. Hence, a follow-up experiment was conducted where only the participants’ 

perceptions of aleatoriness versus epistemicness was manipulated within a single task. 

All participants performed a task predicting stock price trends but their perceived level of 

epistemic and aleatory uncertainty of the stock market was manipulated in Experiment 3.  
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2.4 Experiment 3 

Experiment 2 found some evidence that advisees are sensitive to context-appropriate 

linguistic expressions in advice. Specifically, participants were more likely to adopt 

advice from an adviser who used context-appropriate linguistic expression, and viewed 

these advisers as more competent. However, in Experiment 2, two different tasks were 

used to manipulate the perception of epistemic and aleatory uncertainty. Thus, a follow-

up experiment was conducted in which we manipulated the perception of epistemic versus 

aleatory uncertainty within a single task. Researchers have found that how stock prices 

are presented (absolute price vs. relative price) could alter the perceived level of epistemic 

and aleatory uncertainty in the stock market (Walters et al., 2023). Following this method, 

all participants predicted the future stock price trends, but the information provided to 

each group of participants varied to manipulate the two types of uncertainty perception. 

 

2.4.1 Methods 

Participants. In total, 60 participants (30 = Female, 30 = Male, Mage = 34.6 SDage = 9.7) 

were recruited through Prolific (http://prolific.com). Prior to starting the experiment, all 

participants provided informed consent in accordance with the University of Oxford 

Central University Research Ethics Committee guidelines. Participants were 

compensated £9/hour based on the median duration of the experiment.  

 

Task. In Experiment 3, all participants predicted if a firm’s stock price would increase or 

decrease the following month given some firm information from the past 2 years. 

However, the perceived level of epistemic and aleatory uncertainty of the stock market 

was manipulated between groups. More specifically, the predictability of the stock trends 

was highlighted for one group (epistemic group), whereas the volatile features of the stock 
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market were emphasised for another group (aleatory group). Participants in both groups 

viewed two advisers: one used confidence terms and the other used likelihood terms. 

 

The stock information used in the experiment was of real firms taken from Yahoo Finance 

(https://uk.finance.yahoo.com). However, the name of the firms was masked, and simply 

presented as an alphabetical letter (e.g., Stock A). Four pieces of information about the 

firm were provided to aid decision-making and manipulate participants’ perception of the 

stock market. The first information was this month’s stock price. The second was the 

number of times the stock price increased compared to the previous month in the last 24 

months. For example, if in the past 2 years, stock price increased for 16 months, 

participants were shown “16/24”. These two pieces of information were identical for the 

epistemic and the aleatory versions of the task.  

 

However, the remaining two pieces of information varied by group (epistemic vs. 

aleatory), which were graphs showing the past stock trend information and a possible 

reason for change in the stock price from one month to the next. More specifically, for 

each stock, the monthly stock information for the past 2 years was provided in graph form. 

In the epistemic group, participants were given the absolute and the forecasted stock price 

for each month in a line graph. The stock prices showed a distinct increasing or decreasing 

trend over the past 24 months. The graph was designed to demonstrate that there is a clear 

trend in stock prices and highlight the similarity between actual and predicted stock prices, 

which in turn would make the stock market appear more foreseeable. An example is 

shown in Figure 2.13. 
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Figure 2.13 Example question for epistemic group in Experiment 3 

 

In the graph presented to the aleatory group, the stock’s return compared to its previous 

month were presented for each month. This was calculated using the equation below 

based on the absolute stock price data presented in the epistemic group. Thus, the data 

presented to the participants were from the same source but presented in a different format. 

𝑆𝑡𝑜𝑐𝑘	𝑅𝑒𝑡𝑢𝑟𝑛 = 	
𝑠𝑡𝑜𝑐𝑘	𝑝𝑟𝑖𝑐𝑒	𝑐𝑢𝑟𝑟𝑒𝑛𝑡	𝑚𝑜𝑛𝑡ℎ − 𝑠𝑡𝑜𝑐𝑘	𝑝𝑟𝑖𝑐𝑒	𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠	𝑚𝑜𝑛𝑡ℎ	

𝑠𝑡𝑜𝑐𝑘	𝑝𝑟𝑖𝑐𝑒	𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠	𝑚𝑜𝑛𝑡ℎ  

The actual and forecasted stock return for each month was presented as a scatter plot, 

drawing attention to the variability in the stock prices. An example is shown in Figure 

2.14. For both epistemic and aleatory groups, the predicted stock price or return was 

created by multiplying a random number in the range of 0.95 to 1.05 (i.e., maximum 5% 

variation) to the actual stock price or return of the previous month. For example, predicted 

stock price or return in April 2022 was calculated by multiplying a random number (e.g., 

1.02) to the actual stock price or return data in March 2022. 
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Figure 2.14 Example question for aleatory group in Experiment 3 

 

For both groups, one month was circled in red on the graph and a possible explanation 

for the change in stock price compared to the previous month was provided. For the 

epistemic group, the reason for change in stock prices were generally given as an internal 

factor that was somewhat within the firm’s control. For example, the following possible 

reason was given when the stock price decreased compared to the previous month: 

Invested large sum in new product development but was unsuccessful. If the stock 

price increased, a reason such as: New factories reduce production cost was given. On 

the other hand, the explanations provided for the aleatory group were generally due to 

unpredictable or external factors. An example of a reason given for decrease in stock price 

was, Industry faces higher environmental tax rate. An example of an explanation for 

stock price increase was: Fall of competitor led to increased market share.  
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Based on the four firm information provided, participants were asked to predict if the 

stock price would increase or decrease the following month. Participants’ answers were 

collected on a scale ranging from 100% confident it will decrease to 100% confident it 

will increase. 

 

Adviser. The adviser’s answer and confidence were generated using a similar method as 

Experiment 1 and 2. There were once again two advisers – one using confidence terms 

(confident, sure, certain) and one using likelihood terms (chance, probability, likelihood). 

Adviser’s prediction of the stock price or return was generated following the same method 

as the forecasted price and return but were created independently from the forecast values. 

More specifically, advisers predicted the next month’s stock price or return by 

multiplying a random number between 0.95 to 1.05 to the current month’s stock price. If 

the random number was less than one, the adviser predicted that the stock price would 

decrease whereas the adviser predicted an increase when the random number was greater 

than one. When the random number was exactly one, the advisers randomly predicted an 

increase or a decrease. Adviser confidence increased as the random number deviated 

further from one. For example, when the random number was greater than 1.04 or less 

than 0.96 the adviser’s confidence ranged from 91 to 100. Participants once again were 

not given the adviser’s exact prediction but only their confidence and predicted trend (i.e., 

increase or decrease).  

 

Procedure. The experiment used a mixed design in which participants’ perceived level 

of epistemic and aleatory uncertainty of the stock market was manipulated between 

subjects, but all participants received advice from two types of advisers. Participants were 

first briefed about the task they will perform, and that they would receive help from 
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financial advisers. The epistemic group were then told that the stock market is predictable 

using algorithms and were given example of how a firm’s performance influenced their 

stock price (e.g., Covid-19 vaccine increased the stock price of Pfizer). On the other hand, 

the aleatory group was told that the stock market is unpredictable and subject to diverse 

events (e.g., Covid-19 hits the travel industry).  

 

Participants were first given an example question and asked to submit their initial answer. 

Upon submitting their initial answer, two advisers appeared who used two different 

linguistic expressions (confidence vs. likelihood terms) but gave the same answer. 

Participants then submitted their final answer. Next, participants performed six training 

trials and 18 test trials. The advisers appeared equal number of times and alternated every 

three trials. The order the advisers were presented was counterbalanced. Lastly, 

participants reported competence rating for each adviser, performed the adviser 

distinction questions, and Epistemic Aleatory Rating Scale (EARS) questionnaire 

(materials available in Appendix A).   

 

Data Analysis. Data were analysed following the same method as Experiment 1 and 2. 

Perceived level of epistemic and aleatory uncertainty in each task was compared through 

a 2 (task type) x 2 (epistemicness vs. aleatoriness) ANOVA. A t-test comparing the 

adviser distinction score against three was conducted. Participants’ initial accuracy (i.e., 

accuracy before advice) was compared between the two tasks using a t-test. In order to 

test the hypotheses, two 2 (task type) x 2 (adviser type) ANOVAs were conducted. One 

ANOVA examined the two advisers’ competence rating and another analysed adviser 

influence. Adviser influence was calculated based on the change in participants’ 

confidence after advice (MΔconfidence for agreeing trials - MΔconfidence for disagreeing trials).  
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2.4.2 Results 

Table 2.6 Descriptive statistics of measures in Experiment 3 
 Epistemic Group  Aleatory Group 

M SE  M SE 
Task Epistemicness 6.8 0.4  5.3 0.5 
Task Aleatoriness 7.7 0.4  8.9 0.4 
Epistemic Adviser Rating 3.4 0.2  3.2 0.2 
Aleatory Adviser Rating 3.4 0.2  3.1 0.2 
Epistemic Adviser Influence 18.0 2.2  16.7 2.3 
Aleatory Adviser Influence 18.3 3.2  20.1 2.9 
Adviser Distinction Score 3.2 (1.4)   4.2 (1.8)  

Note. Values in parenthesis are standard deviations. 

Epistemic-Aleatory Rating Scale (EARS). The perceived level of epistemic and aleatory 

uncertainty in each task was collected. A 2 (task type) x 2 (epistemicness vs. aleatoriness) 

ANOVA was conducted with the rating value as the dependent variable. There was no 

main effect of task type, F < 1, η2 = .001. However, there was a significant main effect of 

rating type, F(1,58) = 25.50, p < .001, η2 = .21, where the aleatoriness rating was 

significantly higher than the epistemicness rating. This was driven by the high aleatory 

uncertainty rating within the epistemic group. The central interest of the analysis was the 

interaction effect, which was significant, F(1,58) = 8.57, p = .005, η2 = .08. Two pairwise 

comparison with Bonferroni correction were carried out to further examine the interaction 

effect. The perceived level of epistemic uncertainty was greater in the epistemic group 

compared to the aleatory group, p = .022, d = -0.61. In contrast, the perceived aleatoriness 

was higher in the aleatory group compared to the epistemic group, p = .030, d = 0.58. 

However, within epistemic group, the epistemicness and aleatoriness ratings did not differ 

significantly, p = .096, d = 0.44, and the numerical trend was towards a higher aleatoriness 

rating. This was unexpected as task manipulations (e.g., graph and reason for stock price 

trends) were designed to highlight the epistemic uncertainty of the stock market.  On the 
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other hand, as expected, the perceived aleatory uncertainty was significantly higher than 

the perceived epistemic uncertainty within the aleatory group, p < .001, d = 1.58. 

Figure 2.15 Epistemic-Aleatory Rating Scale (EARS) by task in Experiment 3 

 
Adviser Distinction. Adviser distinction questions were collected to test if participants 

were aware that the two advisers were using different linguistic expressions. The overall 

adviser distinction score was significantly different from three (M = 3.7, SD = 1.63), t(59) 

= 3.33, p = .002, d = 0.43. Additionally, most participants scored higher than three (Figure 

2.16). This shows that participants were able to identify the statements used by each 

adviser above chance level. 
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Figure 2.16 Adviser distinction score by task in Experiment 3 

 
Accuracy. Participants’ accuracy was calculated based on the actual stock price on March 

2023 (experiment was conducted in February 2023), which was collected from Yahoo 

Finance (https://uk.finance.yahoo.com). The accuracy of the participants who viewed the 

stock price (epistemic group) and participants who were shown the stock return (aleatory 

group) did not significantly differ, t < 1, d = -0.11. A 2 (initial vs. final) x 2 (epistemic vs. 

aleatory) ANOVA found no significant main effect of time point, F < 1, p = .909, η2 

< .001. These contradicted results of Experiments 1 and 2 which observed significant 

improvement in accuracy after advice adoption. The no change in accuracy may be due 

to the randomness in the stock market. The main effect of task type, F < 1, p = .560, η2 

= .002, and the interaction effect, F < 1, p = .560, η2 = .002, was not significant.  
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Table 2.7 Participant accuracy by task in Experiment 3 

 

Adviser Rating. The EARS score and adviser distinction score demonstrated that the 

experimental manipulations were mostly successful. The main analysis of interest was 

whether advisers’ use of different linguistic expressions in their advice had an effect on 

perceived adviser competence (H1 & H2). Adviser competency rating was analysed 

through a 2 (task type) x 2 (adviser type) ANOVA with adviser rating as the dependent 

variable. There was no significant main effect of task type, F(1, 58) = 1.196, p =.279, η2 

= .01, or adviser type, F < 1, η2 = .002. The main effects were not expected to be 

significant and the main interest of the analysis of the interaction effect. However, the 

interaction effect was also not significant, F < 1, η2 < .001. The numerical difference in 

adviser rating was also minimal as visible in Figure 2.17. The results of the Bayesian 

ANOVA showed similar patterns. Analysis found anecdotal evidence against the main 

effect of task (BF10 = 0.45). The evidence against the main effect of adviser type was 

substantial (BF10 = 0.22). There was also substantial evidence against the interaction term 

(BF10 = 0.28). Therefore, no evidence in support of the hypotheses were found.  

 

 

 

 

 

 

 

 Epistemic group  Aleatory group 
M SD  M SD 

Initial Accuracy (%) 45 0.10  46 0.11 
Final Accuracy (%) 47 0.11  46 0.12 
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Figure 2.17 Adviser competency rating by task in Experiment 3 

 

Adviser Influence. The second analysis of interest was the effect of advisers’ different 

linguistic expressions on advice adoption (H1 & H2). Once again, a 2 (task type) x 2 

(adviser type) ANOVA was conducted. There was no significant main effect of task type, 

F < 1, η2 < .001. The main effect of adviser type was also not significant, F(1, 58) = 1.83, 

p =.181, η2 = .004. Of critical interest was the interaction effect which was not significant, 

F(1, 58) = 1.26, p =.266, η2 = .003. Therefore, no evidence was found to support the 

hypotheses. However, within the aleatory group, the adviser using likelihood terms was 

numerically more influential compared to the adviser using confidence terms (Figure 

2.18). Bayesian ANOVA was conducted to better understand the lack of significant 

results compared to Experiment 2. The analysis showed anecdotal evidence against the 
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main effects (task BF10 = 0.41; adviser BF10 = 0.43). There was also anecdotal evidence 

for the absence of an interaction effect (BF10 = 0.46).  

Figure 2.18 Adviser influence by task in Experiment 3 

 

2.4.3 Discussion 

In Experiment 3, participants were asked to predict if a stock price would increase or 

decrease the following month. The task manipulation was mostly successful where the 

perceived epistemic uncertainty was higher in the epistemic group compared to the 

aleatory group. The aleatory group was also perceived to have higher levels of aleatory 

uncertainty compared to the epistemic group. Additionally, participants believed the 

aleatory group to have higher levels of aleatory uncertainty compared to epistemic 

uncertainty. These findings were consistent with Walters and colleagues (2023) results, 

which showed that presenting absolute stock price increases perceived epistemic 
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uncertainty of the stock market whereas viewing relative stock prices makes the stock 

market appear high in aleatory uncertainty. However, within the epistemic group, the 

perceived aleatory uncertainty rating was numerically greater than the epistemic 

uncertainty rating. This may be because people inherently perceive the stock market as 

unpredictable and thus, the task manipulations were insufficient to change this belief.  

 

However, despite the moderately successful experimental manipulations, minimal effects 

of advisers’ varying linguistic expressions were found. There were minor differences in 

adviser rating and adviser influence across and within the two tasks. The only notable 

difference was that the adviser using likelihood terms (aleatory adviser) was slightly more 

influential than the adviser using confidence terms (epistemic adviser) within the aleatory 

group. However, the difference was not significant and comparison within the task was 

not the main objective of the experiment. One possible reason for lack of findings was 

that the perceived aleatory uncertainty was numerically higher than perceived epistemic 

uncertainty in the epistemic group. It is possible that the task manipulation needs to be 

more distinct for the effects to be detected. Therefore, another experiment was conducted 

with the task manipulation as the main focus.  

 

2.5 Experiment 4 

The lack of findings in Experiment 3 was puzzling considering the significant results in 

Experiment 2. In order to better understand the discrepancy in the findings, another 

experiment was conducted. In Experiment 4, tasks with greater disparity in epistemic and 

aleatory uncertainty were created. In one task participants were asked to indicate which 

country has a greater total area, which was designed to have high levels of epistemic 
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uncertainty but low levels of aleatory uncertainty. The task designed to have high levels 

of aleatory uncertainty was to predict the outcome of a given number of coin tosses.  

 

2.5.1 Methods 

Participants. Sixty participants (28 = Female, 30 = Male, 1 = Non-binary, 1 = Prefer not 

to say, Mage = 35.3, SDage = 10.1) were recruited through Prolific (http://prolific.com). All 

participants gave informed consent before commencing the experiment. The experiment 

received approval from the University of Oxford Central University Research Ethics 

Committee. Compensation was £9/hour based on the median duration of the experiment.  

 

Tasks. There were two tasks, which were designed so that one would be high in epistemic 

uncertainty, and one would have high levels of aleatory uncertainty. The overall set-up of 

both tasks was similar to previous experiments, which adopted the judge-adviser system 

(Sniezek & Buckley, 1995).  

 

In the task designed to have high levels of epistemic uncertainty (i.e., epistemic task), 

participants were given two countries and were asked to guess which country has a greater 

total area. As visible in Figure 2.19, answers were collected on a scale ranging from 100% 

confident country A to 100% confident country B. The slider started in the midpoint (50%) 

of the scale and participants had to provide an answer to proceed. After submitting their 

initial answer, an adviser appeared and gave their answer and accompanying confidence 

level. Participants were once again asked to provide their answer (final answer). Here, the 

slider starting point was participants’ initial answer.  
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Figure 2.19 Example question of the total area (epistemic) task in Experiment 4 

 

In the task designed to have high levels of aleatory uncertainty, participants predicted if 

there would be more heads or tails in a given number of coin tosses. More specifically, 

participants were given the first few results of a coin toss (e.g., first five results) and then 

guessed if there would be more heads or tails overall in a given number (e.g., 13) of coin 

tosses. The midpoint was once again unselectable to force an answer. Participants’ answer 

was collected pre- and post-advice. Participants gave their answer on a scale ranging from 

100% heads to 100% tails. An example of the task is displayed in Figure 2.20.  
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Figure 2.20 Example question of the coin toss (aleatory) task in Experiment 4 

 

Adviser. In Experiment 3, participants distinguished the two advisers above chance level, 

but the adviser distinction score was still low (< 4). Therefore, in Experiment 4, a new 

picture from the Chicago Face Database (https://www.chicagofaces.org) was selected to 

represent the two advisers. The advisers were both male, but one adviser was Black, and 

the other adviser was White. This was to aid distinction of the two advisers. The advisers 

were of similar levels of attractiveness and trustworthiness. Additionally, the two advisers’ 

speech bubble varied in terms of shape (square vs. round edges) and colour (green vs. 

blue). The picture representing each adviser, the shape of the speech bubbles, and the 

colour of the texts were all randomised.   

 

In the total area (epistemic) task, adviser confidence was determined by the magnitude of 

the total area difference between the two countries. If the two countries had similar total 

areas, the adviser displayed low confidence whereas a greater percentage difference in 

https://www.chicagofaces.org/
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the total area resulted in higher confidence. For example, Romania has a total area of 

238,397 square kilometres whereas Cambodia's total area is 181,035 square kilometres. 

Therefore, Romania is approximately 32% larger than Cambodia. In this case the 

adviser’s confidence was set to 62%. On the other hand, the total area percentage 

difference between Ghana and Spain (Figure 2.19) is 112%. Here, the adviser was 77% 

confident. One major difference from previous experiments was that an exact confidence 

value was first calculated based on the total area percentage difference and then a random 

number between -10 and +10, generated from a truncated normal distribution (M = 0, SD 

= 8), was added to the confidence value. For example, in Figure 2.19, the adviser 

confidence was initially set to 77% and then 4 (random number) was added, and thus final 

adviser confidence was 81%. A random number was added to weaken the correlation 

between actual total area and adviser confidence. This method was used instead of 

selecting a random number between a range based on the total area difference (e.g., 

adviser’s confidence is between 51% to 60% when total area difference is below 30%) 

due to the high variability in the total area difference. In the two examples provided above, 

there is an 80% difference between the total area percentage (32% vs. 112%). Therefore, 

it was difficult to set an appropriate confidence range based on the total area percentage 

difference. Additionally, we wished to use the same method as the coin toss (aleatory) 

task to calculate adviser confidence.   

 

In the coin toss (aleatory) task, adviser confidence was calculated using the binomial 

probability formula based on the current coin toss results and the remaining number of 

coin tosses. For example, suppose that a total of seven consecutive coin tosses are to be 

performed and results of the first three tosses were heads, heads, tails. For there to be 

more heads overall, there needs to be at least two heads in the remaining four coin tosses, 
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for which there is a 68.75% probability. Therefore, adviser confidence was calculated by 

first rounding the probability to the nearest integer (e.g., 69%) and adding a random 

number between -10 and +10 (from normal distribution). In both tasks, the advisers’ 

confidence was bounded to be between 51% to 100%.  

 

Procedure. The experiment used a mixed design where participants either performed the 

total area (epistemic) or coin toss (aleatory) task. However, in both tasks, there were two 

advisers with one using confidence terms and another using likelihood terms.   

 

All participants first gave informed consent before starting the experiment. After reading 

task instructions, participants completed the training block consisted of six trials (three 

per adviser). Participants were given a chance to take a break then engaged in the test 

block which had 18 trials. Lastly, participants completed the adviser competency 

questionnaire for each adviser, six adviser distinction questions, and the Epistemic-

Aleatory Rating Scale (EARS). Upon completion, participants were debriefed.  

 

Data Analysis. Data analysis method was identical to the previous experiments. The 

perceived level of epistemic and aleatory uncertainty was compared between the two 

tasks using a 2 (task type) x 2 (epistemicness vs. aleatoriness) ANOVA. The adviser 

distinction score was tested against three using a t-test. Participants’ initial accuracy was 

compared between the two tasks through a t-test. Perceived adviser competence and 

adviser influence was compared using two separate 2 (task type) x 2 (adviser type) 

ANOVAs.  
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2.5.2 Results 

Table 2.8 Descriptive statistics of measures in Experiment 4 
 Total Area (epistemic) task  Coin Toss (aleatory) task 

M SE  M SE 
Task Epistemicness 9.1 0.3  5.2 0.6 
Task Aleatoriness 3.9 0.5  9 0.5 
Epistemic Adviser Rating 3.4 0.2  2.7 0.2 
Aleatory Adviser Rating 3.6 0.2  3.0 0.2 
Epistemic Adviser Influence 28.7 4.6  1.6 0.7 
Aleatory Adviser Influence 27.7 4.4  4.1 1.6 
Adviser Distinction Score 2.9 (2.0)   3.7(2.3)  

Epistemic-Aleatory Rating Scale (EARS). The EARS was collected to examine if 

perceived level of epistemic and aleatory uncertainty differed by task type. A 2 (task type) 

x 2 (epistemicness vs. aleatoriness) ANOVA revealed that there is a significant main 

effect of task type, F(1,58) = 4.43, p =.040, η2 = .01. The overall rating was higher in the 

coin toss (aleatory) task, where participants perceived the task to have some levels of 

epistemic uncertainty. However, the main effect of rating type was not significant, F(1,58) 

= 1.36, p =.249, η2 = .02. Of critical interest was the interaction effect between task type 

and rating type, which was significant, F(1,58) = 51.80, p < .001, η2 = .43. Therefore, 

pairwise comparison with Bonferroni correction was carried out. This showed that the 

epistemicness rating was significantly higher in the total area task compared to the coin 

toss task, p < .001, d = -1.52. Similarly, the aleatoriness rating was significantly higher in 

the coin toss task, p < .001, d = 1.85. The rating within each task also differed significantly. 

In the total area (epistemic) task, the epistemicness rating was significantly greater than 

the aleatoriness rating, p < .001, d = -2.19. The opposite was true for the coin toss 

(aleatory) task, p < .001, d = 1.30. Therefore, manipulation of the tasks to have different 

levels of epistemic and aleatory uncertainty was successful.  
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Figure 2.21 Epistemic-Aleatory Rating Scale (EARS) by task in Experiment 4 

Adviser distinction. Participants were asked to pair six statements (involving three 

confidence terms and three likelihood terms) with each adviser to examine if participants 

can distinguish between the two advisers. Surprisingly, the adviser distinction score was 

not significantly different from three (chance level) (M = 3.27, SD = 2.17), t < 1, d = 0.12. 

There were some participants who scored six, but most participants scored below three 

(Figure 2.22). This was unexpected as participants’ adviser distinction score was above 

chance level in Experiment 2 and 3. Higher adviser distinction scores were expected due 

to the further efforts made in the current experiment to aid distinction (e.g., adviser 

pictures, colours of speech bubble). 
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Figure 2.22 Adviser distinction score by task in Experiment 4 

Accuracy. In the total area (epistemic) task, participants accuracy was calculated based 

on the correct answer (i.e., picked country with larger total area). On the other hand, in 

the coin toss (aleatory) task, the probabilistically more likely outcome between heads and 

tails was considered as the correct answer and accuracy was calculated accordingly. A 

Welch’s two-sample t-test was conducted due to the unequal variance in accuracy 

between the two tasks. The analysis found that initial accuracy of participants performing 

the coin toss (aleatory) task was significantly higher than participants in the total area 

(epistemic) task, t(48.5) = -4.64, p < .001, d = 1.00. This was because most participants 

were accurate 90% of the trials in the coin toss (aleatory) task, whereas participants’ 

accuracy were about 63% on average in the total area (epistemic) task (Table 2.7). This 

was also reflected in the ANOVA with task type (total area vs. coin toss) and time point 

(initial vs. final) as the independent variables and accuracy as the dependent variable. The 
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analysis revealed a significant main effect of task type, F(1, 58) = 10.18, p = .002, η2 

= .14, demonstrating that accuracy was higher in the coin toss task. The main effect of 

time point was also significant F(1, 58) = 43.19, p < .001, η2 = .07. The interaction 

between task type and time point was also significant, F(1, 58) = 30.53, p < .001, η2 = .05. 

Pairwise comparison with Bonferroni correction found that participants’ initial accuracy 

significantly differed by task type (p < .001, d = 1.2) but difference in final accuracy was 

not significant (p = .771, d = 0.3).  

Table 2.9 Participant accuracy by task in Experiment 4 

 

Adviser Rating. One of the main analyses of interest was to examine if advisers’ linguistic 

expressions influence perceived adviser competence (H1 & H2). A 2 (task type) x 2 

(adviser type) ANOVA was conducted to examine if there was a difference in adviser 

rating. There was a significant main effect of task type, F(1, 58) = 6.04, p = .017, η2 = .08, 

where the adviser rating was greater in the total area (epistemic) task compared to the 

coin toss (aleatory) task. This is likely due to the inherent randomness in the coin toss 

(aleatory) task, which reduced reliance on the advisers. The main effect of adviser type 

was not significant, F(1, 58) = 3.20, p = .079, η2 = .01. The main interest of the analysis 

was the interaction effect, which was also not significant, F < 1, η2 < .001. Due to the 

lower overall adviser rating in the coin toss (aleatory) task, it was difficult to compare 

advisers’ rating across tasks. However, it was expected that there would be a difference 

within each task. Within the coin toss (aleatory) task the likelihood term-using (aleatory) 

adviser’s rating was numerically higher (Figure 2.23). However, this was also the case 

 Total Area (Epistemic) 
Task 

 Coin Toss (Aleatory) Task 

M SD  M SD 
Initial Accuracy (%) 63 0.15  87 0.24 
Final Accuracy (%) 82 0.16  89 0.20 
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within the total area (epistemic) task, when the opposite trend was expected. A Bayesian 

ANOVA was conducted to better understand the unexpected results. The analysis found 

substantial evidence in favour of the main effect of task type (BF10 = 3.33), confirming 

that adviser rating was higher in the total area (epistemic) task. The evidence against the 

main effect of adviser type was anecdotal (BF10 = 0.80). The main interest was the Bayes 

Factor of the interaction term which was obtained by comparing the main effects only 

model and full (main effects and interaction term). There was substantial evidence against 

the interaction term (BF10 = 0.27). Therefore, no support for the interaction term was 

found.  

Figure 2.23 Adviser competency rating by task in Experiment 4 
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varying linguistic expressions on advice adoption (H1 & H2). Adviser influence was 

measured as the change in participants’ confidence following advice. A 2 (task type) x 2 

(adviser type) ANOVA showed that there was a significant main effect of task type, F(1, 
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(aleatory) task is once again presumably due to the inherent randomness in the task, which 

reduced the perceived utility of advice. The main effect of adviser type was not significant, 

F < 1, η2 < .001. Critically, the interaction effect was not significant, F(1, 58) = 1.25, p 

< .269, η2 = .002. Therefore, no support for the hypotheses was found. Additionally, no 

significant differences were observed within each task. However, adviser influence of the 

likelihood term-using adviser was numerically higher than the confidence term-using 

adviser within the coin toss (aleatory) task (Figure 2.24). This pattern was also observed 

in a Bayesian ANOVA, which showed decisive evidence in favour of the main effect of 

task type (BF10 = 30343.56). There was substantial evidence against the main effect of 

adviser type (BF10 = 0.21). Critically, there was anecdotal evidence against the interaction 

term (BF10 = 0.44).  

Figure 2.24 Adviser influence by task in Experiment 4 
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2.5.3 Discussion 

The lack of findings in Experiment 3 compared to Experiment 2 were possibly attributed 

to the limitations in task uncertainty manipulation. Therefore, Experiment 4 was 

conducted to better understand the inconsistency in the results. In particular, two tasks 

were used - each designed to have extremely high levels of epistemic or aleatory 

uncertainty.  

 

The task epistemic and aleatory uncertainty manipulation was successful. The perceived 

epistemic uncertainty was higher in the total area (epistemic) task compared to the coin 

toss (aleatory) task. Participants also rated the coin toss (aleatory) task to have higher 

levels of aleatory uncertainty compared to the total area (epistemic) task. Furthermore, 

perceived epistemic and aleatory uncertainty ratings also significantly differed within 

each task in the expected direction. Therefore, the variations in the level of epistemic and 

aleatory uncertainty in the experimental tasks were the most evident in Experiment 4.  

 

In light of the successful task manipulation, difference in the adviser using confidence 

terms (epistemic adviser) and the adviser using likelihood terms (aleatory adviser) was 

expected across the two tasks. However, there were no evidence found to support the 

hypotheses. In addition to hypotheses testing, adviser rating and influence within each 

task was also examined. Within the coin toss (aleatory) task, the adviser using likelihood 

term (aleatory adviser) was slightly more influential than the confidence term-using 

(epistemic) adviser, but the difference was not significant. There were no other within 

task differences of adviser rating and influence.  
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Although this was not the main focus of the experiment, one observed pattern was that 

adviser rating and influence were significantly lower in the coin toss (aleatory) task 

compared to the total area (epistemic) task, which hindered comparison across tasks. The 

high level of perceived aleatory uncertainty in the coin toss (aleatory) tasks might have 

decreased the perceived utility of advice-taking. This pattern has also been observed in 

previous literature, which found that increased perceived aleatory uncertainty in the stock 

market led to decrease in financial advice-taking (Walters et al., 2023). This tendency to 

disregard advice in tasks with higher aleatory uncertainty was a concern in previous 

experiments. Therefore, only tasks with moderate levels of aleatory uncertainty were used 

(e.g., temperature prediction). Despite this risk, a highly random (i.e., coin toss) task was 

selected for Experiment 4, as it was expected that greater difference in task manipulation 

would help better detect the effects of adviser’s varying linguistic expressions.  

 

One possible explanation for the lack of findings in the current Experiment might be 

because participants had difficulties distinguishing between the two advisers. In 

Experiment 4, participants’ adviser distinction score was not significantly better than 

chance level. This was unexpected as extra measures were taken to facilitate the 

distinction between the two advisers (e.g., new adviser pictures, colour of text) compared 

to Experiment 2 and 3. Yet, participants were worse at distinguishing between the two 

advisers in Experiment 4. The difficulties in distinguishing between the two advisers is 

unlikely to account for all results in the current experiment but might have contributed.  

 

Despite the methodological shortcoming, no difference in adviser rating and influence 

between the two advisers is still puzzling considering the significant findings in 

Experiment 2. Additionally, the high aleatory uncertainty in the coin toss task reduced 
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the overall perceived competence and influence of advisers, which made it difficult to 

compare the advisers across the two tasks. In order to clarify the findings, an exact 

replication of Experiment 2 was conducted.  

 

2.6 Experiment 5 

Experiment 4 found no evidence to suggest that advisees are sensitive to the relationship 

between advisers’ linguistic expressions and the type of contextual uncertainty prevalent 

in the advice-taking context. The methodological limitations of Experiment 4 (e.g., 

difficulties distinguishing between the two advisers, extreme aleatory uncertainty) 

impeded hypotheses testing. Additionally, the inconsistency in findings among 

Experiment 2-4 needs clarification. Therefore, an exact replication of Experiment 2 was 

conducted to test if similar results would be obtained under the same experimental 

conditions.  

 

2.6.1 Methods 

Participants. Sixty participants (31 = Female, 29 = Male, Mage = 34.2 SDage = 12.1) were 

recruited through Prolific (http://prolific.com). All participants gave informed consent in 

accordance with the University of Oxford Central University Research Ethics Committee 

guidelines. Participants were compensated £8/hour based on the median duration of the 

experiment.  

 

Tasks. The tasks used in Experiment 5 were identical to those in Experiment 1 and 2. One 

task was to estimate if a historic even occurred before or after an anchor year (i.e., 

epistemic task). Participants’ answers and associated confidence were collected on a scale 

ranging from 100% before to 100% after. The second task was to predict if the 
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temperature of a given city on a specific future date would be higher or lower than an 

anchor temperature (i.e., aleatory task). Answers were collected on a scale ranging from 

100% lower to 100% higher. In both tasks, participants’ initial answer was first collected. 

After, advice was given and participants’ final answer was recorded (i.e., judge-adviser-

system)  

 

Adviser. Same pictures from Experiment 2 were used to represent the advisers, which 

were retrieved from the Chicago Face Database (https://www.chicagofaces.org). The 

advisers were given names (James and Henry), and the shape of the speech bubble 

differed (square vs. round edges). One adviser used confidence (confident, sure, certain) 

terms and the other used likelihood (chance, probability, likelihood) terms in their advice. 

Advice and accompanying adviser confidence was generated following the same method 

as Experiment 1. Which adviser was presented first, and the picture and speech bubble 

assigned to each adviser were all randomised.  

 

Procedure. The overall procedure was identical to Experiment 1 and 2. Participants only 

performed one task – either guessed year of historic events (epistemic task) or predicted 

future temperature (aleatory task). In each task, participants interacted with both advisers 

(using confidence vs. likelihood terms). Participants performed a training block 

comprised of six trials and then engaged in the test block consisted of 18 trials. After, 

participants rated the perceived competence of each adviser, completed the six adviser 

distinction questions and the Epistemic-Aleatory Rating Scale (EARS). Participants were 

then debriefed.  

 

https://www.chicagofaces.org/
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Data Analysis. Data analysis followed the same method as previous experiments. 

Participants’ perceptions of epistemic and aleatory uncertainty in each task were 

compared using a 2 (task type) x 2 (epistemicness vs. aleatoriness) ANOVA. The adviser 

distinction score was tested against three using a t-test to check if participants could 

distinguish between the two advisers above chance level. Participants’ initial accuracy in 

the historic dates (epistemic) task and temperature prediction (aleatory) task was 

compared through a t-test. Next, in order to test the main hypotheses, perceived 

competence of the two advisers (confidence term vs. likelihood term) was compared 

across the two tasks using a 2 (task type) x 2 (adviser type) ANOVA. The adviser’s 

influence on participants’ answer was also tested using a 2 (task type) x 2 (adviser type) 

ANOVA.  

2.6.2 Results 

Table 2.10 Descriptive statistics of measures in Experiment 5 
 Historic Dates  

(epistemic) task 
 Temperature Prediction 

(aleatory) task 
M SE  M SE 

Task Epistemicness 9.5 0.5  9.1 0.4 
Task Aleatoriness 4.2 0.6  9 0.4 
Epistemic Adviser Rating 3.5 0.2  3.3 0.2 
Aleatory Adviser Rating 3.5 0.2  3.1 0.2 
Epistemic Adviser Influence 33.3 4.4  19.0 3.7 
Aleatory Adviser Influence 35.3 3.5  20.2 3.7 
Adviser Distinction Score 3.5 (1.7)   4.0 (1.9)  

Epistemic-Aleatory Rating Scale (EARS). EARS was collected to check if perceived 

level of epistemic and aleatory uncertainty differed by task type. A 2 (task type) x 2 

(epistemicness vs. aleatoriness) ANOVA was carried out to analyse the rating. The main 

effect of task type was not significant, F(1, 58) = 23.56, p = .382, η2 = .06. On the other 

hand, the main effect of rating type was significant, F(1, 58) = 23.55, p < .001, η2 = .20. 

This was driven by the temperature prediction (aleatory) task which was rated as having 
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both high levels of epistemic and aleatory uncertainty The interaction effect between task 

type and rating type was the main focus of the analysis, which was significant, F(1, 58) 

= 21.71, p < .001, η2 = .19. Two pairwise comparisons with Bonferroni corrections were 

carried out to further examine the interaction effect. The perceived level of epistemic 

uncertainty was significantly higher in the historic dates (epistemic) task than in the 

temperature prediction (aleatory) task, p = .003, d = -0.81. In contrast, the perceived 

aleatoriness was significantly higher in the temperature prediction (aleatory) task than in 

the historic dates (epistemic) task, p < .001, d = 1.06. Within the historic dates (epistemic) 

task, the epistemicness rating was significantly greater than the aleatoriness rating, p 

< .001, d = -1.73. However, the epistemicness and aleatoriness rating did not significantly 

differ within the temperature prediction (aleatory) task, p = .865, d = -0.04, and the 

numerical difference was also minimal (Figure 2.25). 

 
Figure 2.25 Epistemic-Aleatory Rating Scale (EARS) by task in Experiment 5 
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Adviser distinction. Participants were asked to identify the linguistic expressions used by 

each adviser to assess if participants could distinguish between the two advisers. The 

adviser distinction score was significantly different from three (M = 3.75, SD = 1.84), 

t(59) = 3.16, p = .002, d = 0.41. Many participants scored above four and only a small 

number of participants scoring below three (Figure 2.26). This indicates that participants 

were able to distinguish between the two advisers above chance level.  

Figure 2.26 Adviser distinction score by task in Experiment 5 

Accuracy. Participants’ accuracy pre-advice was calculated following the same method 

as Experiment 1 and 2. Specifically, the correct year of historic events and estimated 

future temperature was retrieved from online and compared to the participants answer. 

Participants’ accuracy for the two tasks did not significantly differ, t < 1, d = -0.15. A 2 

(initial vs. final) x 2 (historic dates vs. temperature prediction) ANOVA found a 

significant main effect of time point, F(1, 58) = 42.9, p < .001, η2 = .14. However, the 
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main effect of task type was not significant, F < 1, p = .512, η2 = .006. The interaction 

term was significant, F(1, 58) = 7.04, p = .01, η2 = .03. Therefore, a pairwise comparison 

with Bonferroni correction was carried out, which found a significant difference in final 

accuracy between the historic dates (epistemic) task and coin toss (aleatory) task (p = .040, 

d = -0.54). However, critically, there was no significant difference in initial accuracy 

between the two tasks (p = .062, d = 0.15), once again confirming task difficulty was 

similar between the two tasks.   

Table 2.11 Participant’s Accuracy by Task in Experiment 5 

 

Adviser Rating. It was hypothesised that the adviser using confidence term (epistemic 

adviser) would be perceived as more competent in the historic dates (epistemic) task than 

in the temperature prediction (aleatory) task. In contrast, the likelihood term-using 

(aleatory) adviser would be rated as more competent in the temperature prediction 

(aleatory) task (H1 & H2). Therefore, a 2 (task type) x 2 (adviser) ANOVA was conducted 

with adviser rating as the dependent variable. The main effect of task type was not 

significant, F(1, 58) = 1.06, p = .308, η2 = .01. However, the overall adviser ratings were 

numerically higher in the historic dates (epistemic) task (Table 2.8 & Figure 2.27). This 

is likely to be because the perceived utility of advice was lower in the temperature 

prediction (aleatory) task due to the inherent randomenss. The main effect of adviser was 

also not significant, F(1, 58) = 0.16, p = .692, η2 < .001. The main test of the hypotheses 

were the interaction effects, which was also not significant, F(1, 58) = 0.78, p = .382, η2 

= .004. Therefore, the hypotheses were not supported. As visible in Table 2.8 and Figure 

2.26, even numerically there were little differences in the epistemic and aleatory adviser 

 Historic Dates 
(epistemic) task 

 Temperature Prediction 
(aleatory) task 

M SD  M SD 
Initial Accuracy (%) 59 0.18  62 0.15 
Final Accuracy (%) 75 0.12  69 0.13 
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rating within both tasks and the numerical trends were not as expected.  The lack of 

significant results was unexpected. Therefore, a Bayesian ANOVA was conducted to 

examine the support for the hypotheses. There was anecdotal evidence against the main 

effect of task type (BF10 = 0.43). On the other hand, the evidence against the main effect 

of adviser type was substantial (BF10 = 0.21). Comparison of the model with the two main 

effects and full model (main effects and interaction) found anecdotal evidence against the 

presence of an interaction effect (BF10 = 0.37). Therefore, no evidence was found to 

suggests that the interaction term explains the variations in adviser rating.   

Figure 2.27 Adviser competency rating by task in Experiment 5 

 

Adviser Influence. It was also predicted that the two advisers’ (confidence vs. likelihood 

term) influence would vary by task type (H1 & H2). To test the hypotheses, a 2 (task type) 

x 2 (adviser) ANOVA was carried out. The main effect of task type was significant, F(1, 

58) = 9.39, p = .003, η2 = .11. This indicates that participants were more reliant on the 
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advisers in the historic dates (epistemic) task compared to the temperature prediction 

(aleatory) task. Similar to the adviser rating, this is likely due to the higher aleatory 

uncertainty in the temperature prediction (aleatory) task. The main effect of adviser was 

not significant, F(1, 58) = 0.41, p = .523, η2 = .001. Of critical interest was the interaction 

effect, which was not significant, F(1, 58) = 0.03, p = .875, η2 < .001. Therefore, the 

hypotheses were not supported. A Bayesian ANOVA also found strong evidence in 

support of the main effect of task type (BF10 = 11.79), confirming that the advisers were 

more influential in the historic dates (epistemic) task. However, there was substantial 

evidence against the main effect of adviser type (BF10 = 0.23). The main interest was the 

interaction term, where there was substantial evidence for the absence of an interaction 

effect (BF10 = 0.27). 

Figure 2.28 Adviser influence by task in Experiment 5 
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2.6.3 Discussion 

In contrast to the hypotheses and the results of Experiment 2, the current experiment 

found minimal difference in adviser rating and adviser influence by task type. The lack 

of findings may be attributed to the task manipulation. For instance, participants 

perceived the temperature prediction (aleatory) task to have high levels of both epistemic 

and aleatory uncertainty. Additionally, the adviser distinction score was above chance 

level but still low (< 4). The limited task uncertainty manipulation coupled with 

difficulties identifying the linguistic expressions used by each adviser may have led to 

the current findings.  

 

However, although these factors could have contributed to the lack of findings, they are 

unlikely to be the key drivers of the current results. These limitations in experimental 

manipulations were also present in Experiment 2 but differences in perceived adviser 

competence and advice adoption by task were still observed. The insignificant results in 

the current findings suggest that there is limited impact of advisers’ use of varying 

linguistic expressions based on the type of contextual uncertainty on advisees.  

 

Although this was not the main analysis of interest in the current experiment, the results 

showed that advice adoption was significantly lower while perceived adviser competence 

was numerically lower in the temperature prediction (aleatory) task compared to the 

historic dates (epistemic) task. This pattern was also observed in Experiment 1-2 and 

evident in Experiment 4. This is likely because advisees perceive advice as less valuable 

when there are high levels of aleatory uncertainty in the advice-taking context (Walters 

et al., 2023). This is reasonable as highly random outcomes would not be affected by 
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whether or not advice was solicited. Thus, the randomness in the temperature prediction 

(aleatory) task might have led participants to rely less on the advisers. 

 

2.7 General Discussion 

Past research has suggested that people’s attitude towards uncertain advice is context 

dependent, where uncertain advice is preferred depending on the level of uncertainty in 

the advice-taking context (Du et al., 2011). The current chapter aimed to extend this 

notion to examine whether advisees are also sensitive to the type of uncertainty prevalent 

in the advice-taking context. In order to test this, epistemic and aleatory uncertainty 

dimensions defined by Ülkümen and colleagues (2016) were adopted. The research found 

that people prefer to use confidence terms (e.g., certain, sure, confident) to describe 

epistemic uncertainty whereas likelihood terms (e.g., probability, chance, likelihood) are 

favoured to communicate aleatory uncertainty. It was predicted that advisees would also 

prefer advisers to use context-appropriate linguistic expressions. Therefore, it was 

hypothesised that an adviser using confidence terms (e.g., certain, sure, confident) would 

be considered more competent and more influential than an adviser using likelihood terms 

(e.g., probability, chance, likelihood) when there are high levels of epistemic uncertainty 

in the advice-taking context. On the other hand, high levels of aleatory uncertainty in the 

advice-taking context would result in a preference for an adviser using likelihood terms 

over an adviser using confidence terms.  

 

In line with Ülkümen and colleagues (2016) results, participants in the current 

experiments consistently distinguished between epistemic and aleatory uncertainty. The 

tasks where there were clear knowable answers (e.g., historic dates, total area) were rated 

as having high levels of epistemic uncertainty. On the other hand, tasks with inherent 



 103 

randomness in the outcome (e.g., stock price prediction, coin toss) were perceived to have 

high levels of aleatory uncertainty. Furthermore, as the researchers suggested, 

participants perceive the two types of uncertainties as two separate dimensions. This was 

evident in the temperature prediction task (Experiments 1, 2, and 5), which was rated as 

having nearly equal levels of epistemic and aleatory uncertainties. In addition, people also 

seem to have pre-held conceptions about the uncertainties of various situations, which 

may be difficult to overturn. For example, in Experiment 3, there were attempts to make 

the stock market appear more epistemic for one group of participants (e.g., outline internal 

factors that affect stock price, present absolute stock price trend). However, although this 

group of participants perceived the stock market as more epistemic compared to their 

counterparts, their perceived aleatory uncertainty was still numerically higher than the 

epistemic uncertainty rating. This suggested that participants already perceived the stock 

market as aleatory and the task manipulations were not sufficient to change their beliefs.  

 

The main hypotheses of the experiment predicted that advisees would perceive advisers 

who use context-appropriate linguistic expressions as more competent and adopt their 

advice more than advisers who do not use such linguistic expressions. Overall, only 

Experiment 2 yielded significant results, but the other experiments showed limited 

support for the hypotheses. More specifically, Experiment 2 found that likelihood term-

using (aleatory) adviser was perceived as more competent in the temperature prediction 

(aleatory) task than in the historic dates (epistemic) task. The difference in confidence 

term-using (epistemic) adviser did not significantly differ by task but the numerical trend 

was as hypothesised. Additionally, confidence term-using (epistemic) adviser was 

significantly more influential in the historic dates (epistemic) task than in the temperature 

prediction (aleatory) task. In contrast, although the difference was not significant, the 
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likelihood term-using (aleatory) adviser was numerically more influential in the 

temperature prediction (aleatory) task. Furthermore, the numerical trend of adviser rating 

and adviser influence within the tasks were in the expected direction. In addition, there 

were numerical differences in adviser influence within the aleatory task in Experiment 3 

and 4. Moreover, replication of Experiment 2 (i.e., Experiment 5) did not yield the same 

results. The findings overall suggest that people might prefer advisers to use context-

appropriate linguistic expressions, but this is a weak preference that is unlikely to make 

a meaningful difference in adviser evaluation and advice adoption in real-life. This is also 

supported by the adviser distinction score, where participants often did not perform above 

chance level and scores were low in all experiments (i.e., below 4). This indicates that 

participants were unable to recognise that the two advisers were using different linguistic 

expressions. Participants would have formed stronger impressions of each adviser if they 

were concerned about the advisers’ linguistic expressions. In sum, the experimental 

results suggest that people are largely insensitive to the relationship between the type of 

uncertainty in the advice-taking context and adviser’s linguistic expressions used in their 

advice.  

 

On the other hand, the experimental results should not be taken as evidence that advisees 

are impervious to the level of epistemic and aleatory uncertainty in the advice-taking 

context. In particular, increase in perceived level of aleatory uncertainty decreased 

participants reliance on the advisers. For example, in Experiments 4 and 5, the overall 

adviser rating and influence was lower in the task designed to have high levels of aleatory 

uncertainty. Similar patterns were observed in previous research where people were less 

likely to seek financial advice when they perceive the stock market as high in aleatory 

uncertainty (Walters et al., 2023). This is expected as increased randomness would reduce 
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the usefulness of advice. Therefore, the current findings hint that contextual factors may 

influence general advice-taking behaviour. Building on this, future research could 

investigate if the advice-taking context influences advisees’ motivation for advice-taking. 

For example, Schrah and colleagues (2006) found that advisees may request advice to test 

if their answer is correct or to aid decision-making. The former type of advice-taking may 

be more prevalent under high aleatory uncertainty, where advisees seek for agreeing 

advice to boost their confidence.   

 

Although this was not directly tested in the current experiments, the results contribute to 

the literature on uncertain advice. In the experiments, one of the advisers used words such 

as probability (i.e., aleatory adviser), which signals uncertainty (Du et al.,2024; Yates et 

al., 1996). However, the likelihood term-using (aleatory) adviser was perceived more 

competent and was more influential in some experiments (e.g., Experiment 2, 3). Previous 

findings showed that advisees prefer certain advisers and tend to disregard uncertain 

advice (Price & Stone, 2004; Schultze & Loschelder, 2020). However, few studies have 

found that people often prefer and adopt less certain advice. For example, Gaertig and 

Simmons (2018) found that people are equally likely to adhere to confident advice and 

advice that incorporates some level of uncertainty. In a more recent study, advisees 

preferred advisers gave their answer in small ranges compared to advisers who conveyed 

higher certainty through exact point estimates. Albeit extremely uncertain advice 

backfires and reduces advice adoption (Du et al., 2024). Additionally, investors are more 

likely to invest in firms that provide their predicted performance in range estimates 

compared to firms that give exact numbers (Du et al., 2011). The willingness to accept 

uncertain advice may be driven by the evaluation of the advice. Advisees tend to perceive 

advice given as a range as more accurate, informative and credible (Du et al., 2011). On 
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the other hand, point estimates appear overly precise which in turn harms the credibility 

of the adviser (Loschelder et al., 2016; Schultze & Loschelder, 2020). This may be 

because an adviser’s high confidence could be construed as overconfidence. Advisees 

have been found to mistrust overly confident advisers and even penalise them (Stanciu & 

Fiser, 2022; Vullioud et al., 2017). On the other hand, researchers have also suggested 

that people prefer confident advisers as they are assumed to have more information and 

are more competent (i.e., confidence heuristic) (Price & Stone, 2004; Thomas & 

McFadyen, 1995). Additionally, uncertain advice is often perceived to be of lower quality 

(Schultze & Loschelder, 2020).  

 

The mixed findings on uncertain advice in the literature could be explained by examining 

the tasks used in previous studies. Research in jugement and decision-making has often 

used tasks where there is a correct answer (Bonaccio & Dalal, 2006), which is a 

characteristic of epistemic uncertainty. In contrast, tasks that have found preference for 

uncertain advice generally used tasks where the outcome is more random such as, sports 

game or predicting the stock market (e.g., Gaertig & Simmons, 2018). The high levels of 

aleatory uncertainty in these advice-taking contexts may have resulted in preference for 

uncertain advice. Indeed, Budescu and Wallsten (1995) have argued that people are 

sensitive to the congruency between the type of uncertainty in events and the description 

of the events. This is likely to extend to advice-taking, where advisees evaluate the 

uncertainty in the advice-taking context and prefer advice that matches their evaluation. 

However, this has not been directly tested in the current experiments and conclusive 

claims cannot be made. Nonetheless, there is a possibility that context accounts for some 

of the variations in previous findings on uncertain advice and would be an interesting area 

for future research to explore. 
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2.7.1 Limitations 

The current experiments had several methodological limitations. Firstly, there were 

challenges with designing tasks that were distinctly high in epistemic or aleatory 

uncertainty. For example, it was difficult to design a task that was solely high in aleatory 

uncertainty as people are less likely to seek advice when there are high levels of aleatory 

uncertainty in the advice-taking context (Walters et al., 2023). As a result, the perceived 

level of epistemic and aleatory uncertainty often did not differ within the tasks that were 

designed to be high in aleatory uncertainty (e.g., temperature prediction task in 

Experiments 1, 2, and 5). Experiment 4 used a coin toss task, which was rated as having 

high levels of aleatory uncertainty and low levels of epistemic uncertainty. This led 

participants to disregard advice which made it infeasible to compare across tasks and to 

test the hypotheses. However, it is worth noting that the task manipulation is unlikely to 

be the main driver of the lack of findings in the current chapter, considering that 

insignificant results were observed despite successful task manipulation in some 

experiments.  

 

Second, it is unclear if participants were unaffected by the advisers varying linguistic 

expressions or simply were unaware that the two advisers were using different 

expressions. In the current experiments, advice was given in text form and the different 

linguistic expressions were given before the advisers’ answer to the question. Therefore, 

participants might have focused on the advisers’ answer rather than their linguistic 

expressions. The adviser distinction score was no better than chance level in two 

experiments and the average score was below four in the remaining three experiments. It 

is possible that the preference for different linguistic expressions in advice arise upon 

deliberate reflection. In Ülkümen and colleagues’ (2016) research, participants carefully 
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evaluated between the two expressions for a given scenario. Therefore, the results of the 

current experiments may differ if advisees were required to reflect on the two different 

expressions and better distinguished between the two advisers. In the current experiments, 

some efforts were made to aid recognition of the two linguistic expressions, such as 

capitalising the expressions and making advice appear line by line. However, other 

methods such as ensuring participants have learned the different expressions prior to the 

test trials could yield different results. This method was not employed in the current 

experiments as advisees would rarely evaluate advice with such efforts in real-life. 

Nonetheless, preference in advisers to use context appropriate linguistic expressions may 

arise when advisees are asked to deliberately choose between two expressions.   

 

Another limitation may be that the type of uncertainty prevalent in the tasks were apparent, 

and thus participants did not feel the need to examine the advisers’ linguistic expressions 

to determine the contextual uncertainty in the task. In most of the tasks, it was clear 

whether there is high epistemic or aleatory uncertainty. For example, in the historic dates 

task it was evident that greater knowledge in the area or gathering further information 

would resolve the uncertainty. Therefore, advisees may have focused on the advisers’ 

answers rather than trying to gather further information about the advice-taking context 

from advisers’ linguistic expressions. Designing a task where the epistemic and aleatory 

nature of the task is ambiguous could prompt participants to attend to the advisers’ 

linguistic expressions. This was not the focus of the current experiments, as the aim was 

to investigate whether advisers’ linguistic expressions influence advice-taking in 

naturalistic contexts. Future research could manipulate the ambiguity of the advice-taking 

context (e.g., rather there is high epistemic or high aleatory uncertainty is unclear) could 

clarify the association between different types of uncertainty and linguistic expressions. 
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2.7.2 Conclusion 

In five experiments, the relationship between contextual uncertainty and advisers’ 

linguistic expression of confidence was investigated. It was hypothesised that when there 

are high levels of epistemic uncertainty in the advice-taking context, advisees would 

prefer advisers to use confidence (certain, sure, confident) terms over likelihood terms 

(probability, chance, likelihood) terms in their advice. In contrast, when there are high 

levels of aleatory uncertainty, an adviser who uses likelihood terms would be evaluated 

more positively and would be more influential. Only one experiment supported the 

hypotheses and minimal difference in the two advisers were found in the remaining 

experiments. Therefore, advisers’ varying linguistic expressions are likely to have 

minimal effect on adviser evaluation and advice adoption. However, there were 

methodological limitations, and different results may be obtained in future research that 

uses different tasks or require deliberate reflection of advice. Additionally, the 

experiments found hints that the type of uncertainty in the advice-taking context 

impacting general advice-taking behaviour. For example, perceived adviser competence 

and advice adoption decreased with increased aleatory uncertainty in the advice-taking 

context. Furthermore, the experiments also contribute to previous literature on uncertain 

advice. The use of likelihood terms in advice has previously been perceived as an 

expression of uncertainty and often reduced advice adoption. However, in the current 

experiments, participants were equally likely to adopt advice from the confidence term-

using adviser and the likelihood term-using adviser, and sometimes higher for the 

likelihood term-using adviser. The type of contextual uncertainty may provide clues for 

understanding the ambiguous findings in the uncertain advice literature. 
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Chapter 3: External Information 
Ambiguity and Adviser Confidence 
 
 
3.1 Introduction 

Life is filled with moments that require decision making, from small daily decisions such 

as what to eat to life-altering decisions such as which career path to take. According to 

Bayesian decision making theory, people use their existing knowledge to evaluate 

evidence and incorporate this evaluation into their knowledge (Gold & Shaplen, 2007; 

Kyburg 1987; Nassar et al., 2010). In addition to evaluating evidence that is observed 

firsthand, people also seek out social information in the form of advice. Advice can come 

from many sources, from close others to professionals such as doctors, lawyers or 

financial advisers. Advice-seeking occurs due to various reasons, such as a lack of 

relevant knowledge or experience, or difficulties in evaluating the evidence. In Bayesian 

decision making, advice is considered as simply another piece of information (Pescetelli 

et al., 2021). However, some researchers claim that advice should not be treated as 

another piece of information due to its unique impact on our decision-making (Milyavsky 

& Gvili, 2024). Advice carries a social aspect, where there are costs of ignoring advice 

(Rader et al., 2017). When their advice is rejected, advisers negatively judge the advisee’s 

competency and are unwilling to provide future advice (Belkin & Kong, 2018; Blunden 

et al., 2019; Palmeira & Romero Lopez, 2023). This would influence how much advice 

is used compared to other non-social information (Sah et al., 2006; Rader et al., 2017). In 

light of the frequency people seek advice, and the particular effect advice has on decision-

making, there has been considerable research interest in characterising how people seek 

and use advice during decision-making (Bonaccio & Dalal, 2006; Kämmer et al., 2023).  
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There are countless advisers in the world, and thus it is essential to determine the 

reliability of the advice on offer. Some indicators of reliability are readily available such 

as certificates or professional qualifications (e.g., doctors, lawyers). However, sometimes 

the reliability of the advice source may not be accessible or straightforward. Therefore, 

people often use how confident an adviser is to determine the quality of advice. There are 

various definitions of confidence but in this chapter, confidence will be defined as the 

expectation or expression of the extent to which a decision, opinion, or recommendation 

is correct (Klayman et al., 1999). Researchers repeatedly find that people prefer more 

confident advisers, and expressing higher confidence promotes greater advice adoption 

(Bonaccio & Dalal, 2006; Pulford et al., 2018; Sniezek & Van Swol, 2001).  

 

The question remains, what makes confident advisers so influential? This is because 

adviser confidence is processed in relation to diverse factors. For instance, people use a 

confidence heuristic where advisees assume that confident advisers are more 

knowledgeable or hold more reliable information (Price & Stone, 2004; Thomas & 

McFadyen, 1995). People also deem confidence as a sign of how committed the adviser 

is to their advice (Vullioud et al., 2017). In addition, people are sensitive to the 

relationship between confidence and accuracy. An adviser’s inability to judge their 

confidence accurately based on their expected performance (i.e., overconfidence) leads 

to punishment or mistrust in the adviser (Sah et al., 2013; Tenney et al., 2008; Tenney et 

al., 2019; Van Zant, 2022) even in domains unrelated to the advice-taking context 

(Vullioud et al., 2017).  

 

Despite the various inferences people make using adviser confidence, how people process 

adviser confidence in relation to the external information has received limited attention. 
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In fact, the difference in advice-taking context has largely been ignored as it was assumed 

to have minimal impact on how people process adviser confidence (Bonnacio & Dalal, 

2006). Yet, contextual factors influence people’s approach to decision-making. For 

example, Billings and Scherer (1988) suggest that people’s decision-making strategy 

differs depending on whether or not they are required to give an answer. When people are 

simply asked to evaluate available evidence, people search for more information 

compared to when they are asked to make a decision. This difference in strategy derived 

from difference in decision-making context also suggests that how adviser confidence is 

processed may be context dependent. In support of this notion, Gaertig and Simmons 

(2018) found that people do not always prefer confident advisers. Instead, advisers who 

express uncertainties using probabilistic terms or by giving range of outcomes are 

sometimes favoured. The tasks used (e.g., sports game outcome, future stock price 

prediction) in these studies had inherent uncertainty where the outcome could be affected 

by multiple factors. Therefore, advisers who incorporated this contextual uncertainty in 

their advice were more trusted and preferred. Similarly, online reviews that express doubt 

are more trusted compared to reviews that are unequivocally certain (Evans et al., 2011). 

These studies taken together demonstrate that advisees take into account subtle features 

of advice and how advisers express uncertainty and confidence. The experiments reported 

in this chapter extend this idea to explore how advisees process the discrepancy between 

adviser confidence and external information ambiguity. The current chapter aims to 

increase the understanding of how people assess external information during decision-

making and the role adviser confidence plays in information evaluation.  

 

One impact of unexpected adviser confidence would be its influence on advisees’ 

confidence. Consider the first case where a decision maker has evaluated external 
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information that seems ambiguous (i.e., evidence not clearly favouring one choice over 

other options). In this case, people would not undoubtedly favour one choice over the 

other and the perceived difficulty of the decision would increase as it would be unclear 

how to combine and assess the evidence. This difficulty in choice may result in greater 

dependence on advice (Soll & Larrick, 2009). Under this condition, advisees would be 

surprised if the adviser is highly confident. How advisees process this unexpected 

confidence may depend on adviser expertise. For instance, advisees might assume that 

the expert’s high confidence, despite ambiguous evidence, stems from greater knowledge 

or access to information (i.e., confidence heuristic). Therefore, when an expert adviser 

agrees with their opinion, people would feel more confident as it is evidence supporting 

their opinion (Julian et al., 1968; McGarty et al., 1993; Schultze et al., 2015). On the other 

hand, advisees would decrease their confidence when an expert disagrees (Julian et al., 

1968; McGarty et al., 1993; Schultze et al., 2015). 

 

In contrast, an adviser who appears similar to themselves (i.e., novice) but communicates 

high confidence would appear overconfident. Such advisers (i.e., whose confidence is 

poorly calibrated to their objective accuracy) are mistrusted and even punished (Rader et 

al., 2017; Sah et al., 2013). Although, the advisers’ accuracy information is not directly 

available in the current experiments, people are able to infer task difficulties using their 

metacognition (Efklides 2006; Efklides 2014). Therefore, based on the assessed task 

difficulties and adviser expertise, people might also deduce an adviser’s expected 

accuracy. Hence, when a novice adviser is overly confident, advisees might assume that 

the novice lacks the ability to assess their own accuracy and are less affected by their 

advice. Therefore, change in confidence following advice would be weaker when 
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receiving advice from a novice (Soll et al., 2021). Thus, the following hypothesis is laid 

out:  

 

H1. When the external evidence is ambiguous, but the adviser displays high confidence, 

people will follow the adviser and increase their confidence when an adviser agrees with 

their initial answer. On the other hand, when an adviser disagrees with their initial answer, 

advisees will decrease their confidence. This effect will be greater for an expert adviser 

compared to a novice adviser.  

 

Hypothesis 1 is an intuitive and relatively straightforward prediction. A less obvious case 

holds when a decision maker has reviewed evidence that seems to point clearly and 

unambiguously to a particular decision, but the adviser expresses high degrees of 

uncertainty. Consider a scenario where an expert agrees with the advisee’s initial decision, 

but with much less confidence than the advisee themselves. According to previous 

research, advisees should increase their confidence in their initial decision based on 

agreement from the adviser. A simple Bayesian model of advice integration would predict 

the same outcome. An advisee’s confidence would only increase after observing evidence 

that supports their decision (i.e., agreeing adviser) as it leads to higher probability of being 

correct. On the other hand, unexpected information grabs our attention hence it is 

processed more in depth (Horstmann, 2015; Soltani & Izquierdo, 2019). Advisees may 

be surprised by the adviser’s low confidence and conclude that they had been 

overconfident. This pattern would be observed regardless of adviser expertise, but the 

effect would be greater with an expert adviser considering the positive correlation 

between expertise and adviser influence (Birnbaum & Stegner, 1979; Harvey & Fischer, 

1997). Therefore, the following hypothesis will be tested: 



 115 

H2. When external evidence is unambiguous, but an adviser is not confident, people will 

follow the adviser and decrease their confidence even when the adviser agrees with them. 

This effect will be greater for an expert adviser compared to a novice adviser.  

 

Hypotheses 1 and 2 build on the notion that unexpected adviser confidence raises doubt 

about the advisee’s own confidence. When there is a large difference between an 

advisee’s and an adviser’s confidence, it would be natural for advisees to question their 

judgement and their evaluation of the evidence. Taking a step further, this could prompt 

advisees to analyse why they were overconfident and conclude that their decision-making 

strategy was incomplete or inaccurate. If advisees conclude that they are misevaluating 

the evidence, they might try to deduce and adopt the adviser’s decision-making strategy. 

Adviser confidence could be a useful tool for this, by considering evidence strength in 

relation to adviser confidence. For example, if one predicts an outcome with high 

confidence based on a particular piece of evidence, but the adviser displays low 

confidence, one could infer that this evidence source is not strongly diagnostic. Over 

repeated interaction, advisees would be able to deduce how predictive each piece of 

information is and change their decision-making strategy accordingly. Indeed, studies on 

cue learning has found that people are able to infer the relationship between cues from 

accuracy feedback (Droll et al., 2009; Little & Lewandowsky, 2009). Explicit feedback 

was not given in the current experiments, but changes in evaluation and use of evidence 

may still occur. Therefore, in addition to the pre-registered hypotheses, the following 

exploratory hypothesis is proposed.  

 

H3. The weight people assign to each piece of evidence will change over time following 

repeated interaction with the advisers.  
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3.1.1 Research Outline 

Three pre-registered experiments (Experiments 6-8) were carried out to test the above 

hypotheses. In all experiments, the task was to predict basketball game outcomes. The 

games used in the experiments were taken from United States (U.S.) National Basketball 

Association (NBA) games, but the team names were masked. Four basketball statistics 

with varying predictive power were provided to aid prediction. There were also two 

advisers, one expert and one novice. The expert’s weighting of the four basketball 

statistics was well aligned with their objective reliability whereas the novice would over- 

or under-weight some statistics. Estimation tasks in the form of sports game outcome 

prediction have been widely used in studies of advice-taking (Bonaccio & Dalal, 2006). 

This naturalistic task resembles real-world advice-taking situations where the outcomes 

are unclear and determined by multiple factors with varying degrees of predictive validity 

regarding the outcome.  

 

In the task, participants made their game outcome predictions on a continuous scale that 

simultaneously indicated their predicted winning team and their confidence in this 

prediction. Along other benefits, continuous measures allow greater precision in 

capturing advice adoption (Sah et al., 2013). In the experiments, the focus was to see how 

much people are willing to follow advice in relation to their own decision and external 

information evaluation. Therefore, communication was one sided and advisees were 

aware that their degree of advice adoption would not be communicated to the adviser. 

This set-up was to prevent social expectations surrounding advice adoption from resulting 

in greater adviser influence (Kämmer et al., 2023; Rader et al., 2017). Advice was given 

in text form for simplicity and for ease of processing (Van Swol & Sniezek, 2005). 
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All experiments followed the standard Judge Adviser System (JAS) (Sniezek & Buckley, 

1995), where participants first reported their initial answer and then were provided with 

advice. After, participants were given the option to update their answer. In Experiment 6, 

participants and advisers gave their answer using the same format. Specifically, 

participants and advisers gave their predicted winning team and accompanying 

confidence as a specific numeric value (e.g., 65%). This method allows for precise 

measure of advice adoption. However, participants may also simply change their 

confidence to match the advisers’ confidence (Friedemann et al., 2024) rather than 

reporting their true confidence. Therefore, in Experiment 7 advisers gave their confidence 

using five linguistic expressions. In Experiment 8, the adviser gave their confidence 

through numbers, but participants were asked to indicate their confidence through five 

linguistic expressions. Linguistic expressions are generally associated with a range of 

confidence values (e.g., 50-59%). Therefore, there is no specific confidence value for 

participants to match their confidence. Hence, it is likely that change in confidence in 

these experiments reflect participants’ true confidence rather than a result of confidence 

matching.  

 

3.2 Experiment 6 
Experiment 6 examined how advisees process the discrepancy between adviser 

confidence and external information ambiguity. More specifically, cases where external 

information seemed ambiguous, but an adviser was highly confident, or an adviser was 

unexpectedly unsure even though the evidence appeared clear were investigated. 

Additionally, the role of adviser expertise was also examined, where participants viewed 

an expert and a novice adviser.  It was expected that advisees would flexibly adjust their 

confidence and adjust their use of the external information. This was tested through a 

basketball game outcome prediction task.  
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3.2.1 Methods 

Participants. Participants were recruited through Prolific (www.prolific.com). In total, 

30 participants (14 = Female, 16 = Male, Mage = 35.6 SDage = 9.8) took part in Experiment 

6. Prior to starting the experiment, all participants provided informed consent in 

accordance with the University of Oxford Central University Research Ethics Committee 

guidelines. Participants were compensated £9/hour based on the median duration of the 

experiment. 

 

Task. The task adopted the judge-adviser system (JAS) (Sniezek & Buckley, 1995). In 

this experiment, a binary decision-making task was used where participants were asked 

to predict the outcome of basketball games. The basketball game data was from real 

National Basketball Association (NBA) games, collected from the NBA website 

(https://www.nba.com) on February 2020. However, the names of the teams were masked, 

and they were simply referred as ‘Home Team’ or ‘Away Team’. Participants were 

presented with some basketball statistics information. Specifically, the effective field goal 

rate (eFG%), offensive rebound rate (ORB%), points scored the previous month, and 

percentage of wins this month was given. The basketball statistics were explained in 

layman’s term and thus, prior knowledge in basketball was not required. The explanation 

of the basketball statistics is shown in Figure 3.1. 

Figure 3.1 Explanation of the four basketball statistics 

 

For some trials, all four statistical measures indicated that one team would win (i.e., 

unambiguous external information). Other times, two measures favoured one team, and 

the remaining two measures favoured the other team (i.e., ambiguous external 
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information). For example, eFG% and points scored last month would be higher for Home 

Team whereas offensive rebound rate (ORB%) and percentage of wins this month would 

be higher for the Away Team.  

 

Participants were also provided with advice to aid decision-making. There were two 

advisers, one expert and one novice. Both were virtual advisers rather than based on 

predictions of any real individuals. Specifically, the expert adviser’s predictions were 

generated by running a linear regression on the collected NBA game data, from a dataset 

comprising of 168 games. First, the difference in statistics data between Home Team and 

Away Team was calculated (Home Team – Away Team). Second, a linear regression was 

carried out with the difference in game score as the dependent variable. The independent 

variables were the difference between Home Team and Away Team of the four predictors 

(i.e., basketball statistics) defined above. These four predictors were selected based on an 

initial regression model which had these four plus a further three basketball statistics as 

predictors. From this set of 7 predictors, Effective field goal (eFG%) was selected as it 

had the largest regression coefficient. Two further variables with the smallest positive 

regression coefficients but still significant p-values were selected: ORB% and percentage 

of wins this month. Lastly, one non-significant variable (win percentage) was selected to 

reduce the regression model’s predictive power. The adjusted R2 was .95 with all seven 

variables but reduced to .80 in the final (4 predictor) model. The prediction of the novice 

adviser was created by manipulating the coefficients of the four selected predictors. The 

novice adviser undervalued eFG% and points scored the previous month (coefficients 

divided by half) but overvalued ORB% and percentage of wins this month (coefficients 

multiplied by two) (Table 3.1). Using the regression equation, the advisers predicted score 

difference between the two teams (home vs. away) was generated for each game based 
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on the actual basketball statistics information. The adviser’s predicted score difference 

was then used to calculate the probability of the Away Team winning following the 

equation below. Here, the 𝑥 values were the adviser’s predicted score difference while 𝛽 

was 0.1. The 𝛽 value was set to have to most reasonable probability range as any value 

lower led to conservative prediction while higher values resulted in overconfidence.  

𝑃(𝑦 = 1) =
1

1 + 𝑒"#∗%
 

These probabilities were calculated separately for the expert and the novice adviser. The 

probabilities were then translated to be above 50%. For example, probability of 20% that 

Away Team would win was re-written as 80% probability that Home Team would win.  

Table 3.1 Regression Coefficients for Expert and Novice advice 
Predictors Expert Novice 
 Regression 

Coefficient 
Standardised 

regression 
coefficient 

Regression 
Coefficient 

Standardised 
regression 
coefficient 

eFG% 123.53 0.78 61.77 0.39 
ORB% 0.32 0.23 0.65 0.46 
Points Scored 
Previous 
Month 

0.12 0.05 0.06 0.03 

Win% This 
Month 

6.49 0.12 12.99 0.23 
 

Descriptions of the two advisers were also provided to manipulate participants’ 

perception of expertise of the two advisers. The expert adviser was described as someone 

who makes mostly accurate decisions based on current news and team data, whereas the 

novice was described as a basketball fan who sometimes guesses correctly. Two photos 

from the Chicago Face Database (https://www.chicagofaces.org) were used in this 

experiment to represent the advisers. The faces selected were matched regarding gender, 

race, attractiveness and trustworthiness to prevent these factors from influencing advice 

adoption. Under the photos, the advisers were labelled as either ‘Expert’ or ‘Novice’. 
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Lastly, the speech bubble for each adviser also varied, where one had round edges but the 

other was square. The adviser assignment (as expert or novice), presentation order, photos 

used, and speech bubble shape were all randomised. Participants viewed each adviser 

equal number of times.  

 

The purpose of the study was to examine how participants react to and learn from 

unexpected adviser confidence. Therefore, out of 168 games, 24 games were selected that 

exhibited particular relationships of interest between adviser confidence and the 

ambiguity of the four basketball statistics. More specifically, on certain critical trials, the 

adviser displayed low confidence (< 72, M = 66) when the external information was 

consistent (i.e., all four basketball statistics favoured one of the two teams) or expressed 

high confidence (> 77, M = 81) when the external information was inconsistent (i.e., two 

of the statistics favoured one team and two favoured the other). In addition to these critical 

trials, there were 24 “filler” trials where the level of external information ambiguity 

matched adviser confidence (i.e., adviser displays high confidence with unambiguous 

evidence or low confidence with ambiguous information). Therefore, there were eight 

types of trials which differed in terms of information consistency (information 

unambiguous vs. ambiguous), adviser type (expert vs. novice) and adviser confidence 

(high vs. low). There were 48 experimental trials in total and among these 24 were critical 

test trials. In half the trials, advice was given by the expert adviser and in the remaining 

half a novice adviser appeared. 

 

Participants’ answers were collected using a horizontal continuous scale ranging from 

100% Home Team to 100% Away Team. The slider starting point was the mid-point 

(50%). Participants answered by moving the slider along the horizontal scale. Thus, 
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participant gave their answer and confidence level simultaneously. The midpoint, 50% 

confident, was un-selectable to force a decision between the two teams. Once participants 

submitted their initial prediction, they were given an adviser’s answer and confidence 

level. This information remained visible while participants moved the slider to register 

their final prediction about which team would win. The slider starting point was once 

again the mid-point. An example of a trial where the four basketball statistics are all 

higher for Home Team, but an expert adviser displayed low confidence is shown in Figure 

3.2.  

Figure 3.2 Example question of unambiguous evidence trial with expert adviser in 
Experiment 6 

 

Procedure. Participants first received instruction regarding the task and read the 

descriptions of the two advisers. Next, an example question was given along with 

definitions of each of the four basketball statistics. Participants then answered the 

example question based on the four presented statistics before receiving advice from both 

the novice and the expert adviser simultaneously. The two advisers gave the same answer 

(i.e., same confidence and winning team prediction). Participants then registered a final 
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answer indicating their predicted winning team and their associated confidence for the 

example question.  

 

Participants then proceeded to a three-trial training block. Each trial comprised of an 

initial stage where participants viewed team statistics and gave their prediction and 

confidence. After, participants viewed advice from both advisers together and gave their 

answer using the same scale. Once participants provided their final answer, the actual 

game outcome—the winning team and the score difference between the two teams—was 

revealed. In the first two trials, the two advisers predicted that the same team would win 

but their level of confidence varied. In the first trial, the expert adviser was more confident 

compared to the novice adviser and vice versa in the second trial. In the last trial, the 

expert and novice predicted opposing teams with the expert being slightly more confident 

than the novice. The expert was correct. This trial was designed to reinforce that the expert 

was more accurate.  

 

Upon completing the training block, participants received instructions about the test block 

explaining that they would only receive advice from one adviser on each trial (either the 

expert or the novice) and that they would no longer receive game outcomes. The 

explanation of each basketball statistics (effective field goal rate (eFG%), offensive 

rebound rate (ORB%), points scored the previous month, and percentage of wins this 

month) was once again provided to help refresh participants’ memory.  

 

The 48 experimental trials were split into two blocks to prevent fatigue and provide a 

chance to rest between the two blocks. There were equal numbers of each trial type (8 

trial types in total) in both test blocks. The same adviser appeared for three consecutive 
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trials and then alternated in 3-trial sequences. Which adviser was shown first was 

counterbalanced.   

 

Once participants completed the test blocks, their rating of competence for each adviser 

(expert and novice) was collected. The questionnaire, adopted from Gaertig and Simmons 

(2018) (Appendix A), comprised of 7 questions (e.g., “How knowledgeable is this 

adviser?”, “How credible is this adviser?”) and participants answered on a 7-point Likert-

scale (1 = Not at all, 7 = Extremely). The average score of the 7 questions was taken as 

the advisers’ competence rating. Participants were also asked to estimate each advisers’ 

use of the four basketball statistics. Participants ranked each basketball statistics from 

used the most to the least, separately for the expert and the novice adviser. Which adviser 

participants ranked first was counterbalanced. Finally, participants reported their age, 

gender and basketball knowledge. Basketball knowledge was collected on a 5-point 

Likert-scale (1 = None, 5 = Expert). All participants were debriefed after completing the 

experiment.  

 

Data Analysis. The current experiments aimed to explore how people process external 

information and adviser confidence. In particular, the mismatch between adviser 

confidence and external information ambiguity was researched: trials in which the adviser 

was highly confident despite ambiguous external information (i.e., basketball statistics), 

and trials in which the adviser exhibited low confidence even though all basketball 

statistics suggested a clear winning team. There were 12 trials with ambiguous external 

information and high adviser confidence (referred as ambiguous evidence trials from here 

on) and 12 trials with unambiguous external information and low adviser confidence 

(referred as unambiguous evidence trials from here on), half of which involved the expert 
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adviser, and the other half involved the novice adviser. For each type of trial, the aim was 

to examine if advice influenced participants’ prediction of the winning basketball team 

and accompanying confidence. Participants’ answer was collected on a scale ranging 

from 100% confident that the home team would win to 100% confident that the away 

team would win, while the mid-point (50% confident) was unselectable. Therefore, 

participants’ confidence ranged from 51% to 100% confident for each team. Thus, when 

a participant became more confident in their initial answer, the adviser influence measure 

would be positive (with a maximum value of +49). In contrast, if a participant became 

less confident or changed their answer after receiving advice, adviser influence would be 

negative (with a maximum value of -100, if the participant went from being 100% sure 

one team would win to 100% sure the other team would win).  

 

The pre-registration for Experiment 6, only made predictions regarding cases where 

advice agrees with advisees’ initial opinion. The original analyses plan was to run a linear 

regression on adviser influence with adviser type (expert vs. novice) and information type 

(ambiguous vs. unambiguous) as the independent variables. However, after data 

collection, there were a considerable number of trials where the advice disagreed with 

participants initial answer in the ambiguous evidence trials. Therefore, the hypothesis was 

revised (prior to data analyses) for the current and subsequent experiments which 

included prediction that participants would decrease their confidence in trials where the 

advisers disagreed with their initial answer. Additionally, data analysis was carried out 

separately for unambiguous evidence and ambiguous evidence trials. Furthermore, initial 

agreement was considered in the analyses of ambiguous evidence trials.  
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For the analysis of ambiguous evidence trials, two separate t-tests were first conducted to 

test if advisees increase their confidence when an adviser agrees but decrease their 

confidence when an adviser disagrees (H1). The first t-test examined if overall adviser 

influence was greater than zero for agreeing trials. The second t-test investigated if 

adviser influence was negative for disagreeing trials. In order to test if this change in 

confidence differed by adviser (H1), a 2X2 ANOVA was conducted with adviser 

influence as the dependent variable and initial agreement (agree vs. disagree) and adviser 

(expert vs. novice) as the independent variables.  

 

For the unambiguous evidence trials, two t-tests were also conducted. One examined if 

the adviser influence was below zero (i.e., participants became less confident after 

receiving advice) and another tested if adviser influence was greater for expert compared 

to the novice adviser (H2). In addition, a linear mixed model (LMM) was fitted to further 

examine the data, this analysis was not pre-registered. Participants’ adviser influence was 

included as the dependent variable. The distance between participants’ initial confidence 

and adviser’s confidence was calculated as a proxy for the degree of agreement between 

the advice and participants’ initial answer. The confidence distance was calculated as 

below: 

Confidence distance = adviser’s confidence - participant’s initial confidence 

Confidence distance, adviser (expert vs. novice) type, and the interaction term of these 

two variables was included in the LMM as fixed effects while participants were included 

as a random effect. 

 



 127 

As an additional measure of adviser influence, weight of advice was calculated. Weight 

of advice is a measure of advice adoption generally used in estimation tasks (Bailey et al., 

2023). There is a possibility that participants would perceive the current task as an 

estimation task and believe that there is a correct confidence value. Weight of advice was 

calculated as followed:  

Weight	of	advice = 	
participant’s	final	confidence	 − 	participant’s	initial	confidence

adviser	confidence	 − 	participant’s	initial	confidence  

Weight of advice (WOA) measures the degree to which participants move from their own 

initial confidence estimate to the confidence estimate provided by the adviser. Trials 

where adviser confidence and participants’ initial confidence distance was less than 2 

points away (i.e. absolute difference is less than two) were dropped from the analysis as 

a small difference in participants’ initial answer and advice makes the WOA values 

unreliable (Soll et al., 2022). Additionally, following WOA cut off points from previous 

studies, values that fell outside of -1 and 2 were excluded from the analysis (Bailey et al., 

2023). 

 

In addition to the pre-registered hypotheses, participants’ change in the weighting of the 

four basketball statistics was tested (H3). Change in weighting of the basketball statistics 

was estimated by first calculating the difference in each measure between the Home Team 

and the Away Team. For example, if the effective field goal percentage (eFG%) for the 

Home Team was 57% and 60% for the Away Team, the difference would be 3. Then, the 

difference was standardised against all collected basketball game data (i.e., standardised 

using all 168 games collected not solely the 48 games used in experimental trials). The 

standardised difference was calculated for the four basketball statistics in all trials. After, 

a linear regression was fitted for each participant, with the participant’s initial confidence 
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as the dependent variable and the four basketball statistics as the independent variable. 

The linear regression was conducted separately for the first half (first block) and the 

second half (second block) of the experiment. Therefore, two sets of beta values were 

derived for each participant. Four t-tests were executed, one for each basketball statistics, 

to compare the beta values between the first and the second block. The difference in the 

beta values would indicate a shift in the weighting of the basketball statistics.  

 
3.2.2 Results 

Participant Accuracy. In the 48 trials, the expert and novice adviser appeared equal 

number of times (24 trials each). The expert adviser’s overall accuracy in the 24 trials 

was 88% and the novice adviser’s accuracy was 92% across the 24 trials. This difference 

in accuracy was due to the particular subset of trials selected for the experiment, where 

the novice advisers’ predicted winning team was correct in 22 trials (vs. 21 for expert). 

When accuracy was calculated across all 168 basketball game data used to create each 

advisers’ regression coefficients, the expert adviser was 84% accurate whereas the novice 

adviser’s accuracy was 80%. The higher accuracy of the novice adviser in the 

experimental trials were unlikely to have influenced participants’ perception of adviser 

expertise because when feedback was provided, the expert was more accurate in their 

prediction (i.e., training trials) and feedback was not provided during the experimental 

trials. This was also confirmed by the expert’s higher adviser competency rating 

compared to the novice.  

 

Table 3.2 presents participants’ accuracy in predicting the winning team in their initial 

and final answer (although note that they did not receive feedback in the task), the 

percentage of trials participants’ initial answer and advice agreed, and the percentage of 

times participants changed their initial answer following advice. In trials with 
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unambiguous evidence, participants’ initial answer mostly agreed with advice. Hence, 

participants rarely changed their answer. The difference in degree of advice-taking 

between the two advisers was more apparent in the ambiguous evidence trials. 

Participants changed their answer more often following the expert’s advice, t(29) = -6.32, 

p < .001. This demonstrates that the expert adviser was more influential.  

Table 3.2 Participant accuracy by trial and adviser type in Experiment 6 
 Initial 

Accuracy 
(%) 

Final 
Accuracy 

(%) 

Agreeing 
Trials (%) 

Changed 
Answer (%) 

Ambiguous Evidence     
Expert 53 63 63 23 
Novice 56 58 63 7 

Unambiguous Evidence     
Expert 99 98 99 3 
Novice 91 90 99 2 

 

Adviser Rating. Participants’ perceived competence of each adviser was collected. Expert 

adviser’s rating (MExp = 4.3, SEExp = 0.18) was significantly higher than the novice’s (MNov 

= 2.6, SENov = 0.23) rating, t(29) = 7.77, p < .001, d = 1.42. Thus, the adviser expertise 

manipulation was successful, and participants perceived the expert adviser to have higher 

expertise compared to the novice adviser.   

 

Adviser Influence.  

Out of the 48 trials, 24 were test trials where the advisers displayed high confidence 

despite ambiguous external evidence or expressed uncertainty despite unambiguous 

external evidence. The main analyses were conducted with these trials (i.e., excluding 

filler trials). There were equal number of test trials with the expert and the novice adviser. 
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Ambiguous evidence trials.  

In ambiguous evidence trials the adviser expressed high confidence. H1 predicted that 

advisers’ agreement with the participant’s initial prediction would lead to increase in 

participants’ confidence, while disagreement would reduce confidence, with these effects 

being stronger for the expert adviser compared to the novice adviser. A t-test showed that 

when an adviser agreed, participants’ confidence change (i.e., adviser influence measure) 

was significantly greater than zero (Magree = 2.84, SDagree = 3.62), t(29) = 4.30, p < .001, 

d = 0.79. This shows that participants became more confident when an adviser agreed 

with them. There was a considerable number of trials where advice disagreed with a 

participant’s initial answer. Therefore, in addition to the pre-registered hypothesis, which 

exclusively focused on agreeing trials, participants’ confidence change in disagreeing 

trials was also investigated through a t-test. This showed that participants generally 

decreased their confidence when advisers disagreed (MDisagree = -10.45, SDDisagree = 8.16), 

t(27) = -6.78, p < .001, d = -1.28. 

 

A 2X2 ANOVA was conducted with adviser influence as the dependent variable. Whether 

participants initial answer and advice agreed (agree vs. disagree), adviser type (expert vs. 

novice) and their interaction were included as independent variables in the ANOVA. Not 

all participants had data in all four trial types to run a 2X2 ANOVA. Therefore, these 

participants had to be removed from the data analysis due to incomplete cases. Hence, 7 

participants were removed and a total of 23 participants were included in the analysis. 

Participants’ existing basketball knowledge was included as a covariate. 

 

The analyses revealed a significant main effect of agreement (F(1,21) = 56.63, p < .001, 

η2 = .451), reflecting that participants generally increased confidence with adviser 
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agreement and decreased their confidence with disagreement. There was also a significant 

main effect of adviser type (F(1,21) = 7.09, p = .02, η2 = .06) and, critically, a significant  

interaction between initial agreement and adviser type (F(1,21) = 10.09, p = .005, η2 = .10). 

The interaction effect was further analysed through pairwise comparison with Bonferroni 

correction. Adviser influence did not differ significantly by adviser for agreeing trials 

(Mexp = 2.90, SEexp= 1.46; Mnov = 1.90, SEnov = 0.72; p = .601, d = 0.18), although one 

participant exhibited a significant decrease in their confidence (e.g., change their answer) 

following agreement from expert adviser (Figure 3.3). However, adviser influence was 

significantly more negative for trials with the expert adviser (Mexp = -13.80, SEexp = 2.11) 

compared to the novice adviser (Mnov = -5.97, SEnov = 1.59) in disagreeing trials (p < .001, 

d = -0.87). There was a significant main effect of existing basketball knowledge (F(1,21) 

= 6.92, p = .002, η2 = .09). Participants with greater basketball knowledge changed their 

confidence more.  

Figure 3.3 Adviser influence in ambiguous evidence trials in Experiment 6 
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Unambiguous evidence trials.  

For trials with unambiguous information, participants’ initial answer agreed with advice 

most of the time (95% of trials), therefore, analyses were limited to these trials. According 

to H2, when the external evidence is unambiguous, but the adviser is not confident, 

participants should generally decrease their confidence, and the decrease in confidence 

should be greater for the expert adviser than the novice adviser. Thus, a t-test was 

conducted to examine if participants’ change in confidence (i.e., adviser influence) was 

below zero. Although the overall confidence change was negative (M = -0.47, SD = 6.88), 

the value was not significantly below zero, t(29) = -0.89, p =.382, d = -0.16. In addition, 

the adviser influence value significant differed between the expert (MExp = -1.56, SDExp = 

3.79) and the novice adviser (MNov = 0.56, SDNov = 3.03), t(29) = -3.47, p = .002, d = -

0.63. Where only adviser influence of the expert was significantly less than zero, t(29) = 

-2.26, p = .03, d = -0.41. 

 

Although this analysis was not pre-registered, a linear mixed model (LMM) was fitted 

with the adviser influence measure as the dependent variable to further examine the data. 

Confidence distance (difference between participants’ initial answer and advice), adviser 

(expert vs. novice) type, and the interaction term of these two variables were included as 

fixed effects while participants was included as a random effect. Participants’ existing 

basketball knowledge was included as a covariate. Analyses found that confidence 

distance had a significant main effect on adviser influence (b = 0.28, SE = 0.03, p < .001). 

This demonstrates that adviser influence varied depending on confidence distance. More 

specifically, when the confidence distance was negative, participants tended to decrease 

their own confidence. In contrast, participants generally increased their confidence post-

advice in trials where confidence distance was positive. However, there was no main 
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effect of adviser type (b = 0.43, SE = 0.34, p = .215) and the interaction effect of 

confidence distance and adviser was also not significant (b = 0.05, SE = 0.03, p = .086). 

Although the interaction was not significant, the regression slope was steeper for the 

expert than for the novice (Figure 3.4). This suggest that participants were slightly more 

sensitive to confidence distance with the expert. There was no main effect of participants’ 

existing basketball knowledge (b = -0.62, SE = 0.71, p = .387). 

Figure 3.4 Adviser influence following advice in unambiguous evidence trials in 
Experiment 6 

 

Weight of Advice. Weight of advice (WOA) was calculated as an additional measure of 

advice adoption. WOA is a widely used measure in estimation tasks often used in advice-
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considering the wide use of WOA, the measure could facilitate comparison between the 

current experiment and previous literature. Analyses were once again carried out 

separately for ambiguous evidence and unambiguous evidence trials.  

 

Ambiguous evidence trials. A repeated measure 2 (agree vs. disagree) x 2 (expert vs. 

novice) ANOVA was carried out for the 23 participants who had data in all four trial 

types with weight of advice (WOA) was as the dependent measure. There was a 

significant main effect of agreement (F(1,22) = 4.89, p = .038, η2=.024), indicating that 

WOA was greater in the disagreeing trials (Mdisagree = 0.24, SEdisagree= 0.03) compared to 

the agreeing trials (Magree = 0.18, SEagree= 0.03). The main effect of adviser type (F(1,22) 

= 9.29, p = .006, η2=.061) was also significant showing that weight of advice for the 

expert adviser (Mexp = 0.27, SEexp= 0.03) was greater than WOA for the novice adviser 

(Mnov = 0.16, SEnov= 0.03). The interaction between agreement and adviser type was not 

significant (F(1,22) = 1.12, p = .301, η2 =.010), suggesting that participants’ tendency to 

adopt the expert’s advice more than the novice’s advice is not contingent on initial 

agreement.  
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Figure 3.5 Weight of Advice of ambiguous evidence trials in Experiment 6 

Unambiguous evidence trials. In the unambiguous evidence trials, participants’ initial 

answers rarely disagreed with advice. Therefore, the weight of advice (WOA) analysis 

only included agreement trials. A t-test showed that the WOA value did not significantly 

differ by adviser (expert vs. novice), t(29) = 2.04, p = .051, d = 0.37. However, the expert 

adviser’s (Mexp = 0.39, SEexp= 0.06) WOA was numerically higher than the novice 

adviser’s WOA (Mnov = 0.28, SEnov= 0.07).  
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Figure 3.6 Weight of Advice of unambiguous evidence trials in Experiment 6 
 

 

Advisers’ Variable Use Ranking. Participants also guessed which basketball statistics 

each adviser prioritised by ranking the four statistics from used the most to the least. 

Kendall’s rank correlation coefficient was calculated to determine participants’ accuracy 

of the estimate. Participants were better able to estimate the expert’s (rexpert = 0.26) 

weighting of the basketball statistics compared to the novice’s (rnovice = -0.28) weighting, 

t(29) = 4.12, p < .001, d = 0.75. The estimate for the expert adviser was significantly 

different from zero, t(29) = 2.60, p = .014, d = 0.48. This was also the case for the novice 

adviser, t(29) = -2.68, p = .012, d = -0.49. The expert and novice advisers prioritised the 

four basketball statistics in the same order, but the weighting of each basketball statistic 
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the novice is negative. Furthermore, the difference in Kendall’s ranking correlation 

coefficient between the expert and the novice demonstrate that participants did not simply 

give the same ranking for both advisers but made their predictions deliberately.  

 

Participants’ variable use. In addition to the pre-registered analyses, it was hypothesised 

that participants would change their weighting of the four basketball statistics after 

repeated interaction with the advisers (H3). To test this, participants’ use of the four 

basketball statistics in the first half of the trials and the second half of the trials were 

compared. In light of the absence of objective feedback, the change in participants’ use 

of the four basketball statistics would indicate that participants were learning and 

adopting the advisers’ use of the basketball statistics from the advisers’ advice and 

associated confidence.  

 

There was a significant decrease in the use of total points scored the previous month from 

the first block (Mfirst = 3.65, SEfirst = 0.61) to the second block (Msecond = 2.47, SEsecond = 

0.64), t(29) = 2.30, p = .030, d = 0.42. This was also the case for the use of percentage of 

wins this month (Mfirst = 10.95, SEfirst = 1.10; Msecond = 9.10, SEsecond =1.22; t(29) = 2.45, 

p = .020, d = 0.45). There was no significant difference in the use of eFG (Mfirst = 6.49, 

SEfirst =0.82; Msecond = 6.95, SEsecond = 0.82), t(29) = -0.97,  p = .342, d = -0.18 from the 

first half to the second half of the trials. This was also the case for ORB (Mfirst = 4.13, 

SEfirst =0.60; Msecond = 3.45, SEsecond = 0.68), t(29) = 1.26, p = .217, d = 0.23). Among the 

four basketball statistics, the advisers were less reliant on total points scored the previous 

month and percentage of wins this month. This suggests that participants adopted the 

advisers decision-making strategy to an extent. 
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Figure 3.7 Change in use of the four basketball statistics by block in Experiment 6 

In addition to comparing first and second half of the trials, trial effect was also examined. 

Initially, a linear mixed model was conducted, with participants’ initial confidence as the 

dependent variable and the interaction between predictors (i.e., four basketball statistics) 

and trial order were included as the fixed effects. Participants were included as the random 

effect. However, the model found limited variance in participant initial confidence, and 

thus it was not possible to run a linear mixed model. As an alternative, linear regression 

with the interaction between the four basketball statistics and trial order was conducted 

for each participant. The average beta for the interaction between eFG and trial order was 

not significantly different from zero (MEFG = -0.01, SEEFG = 0.02), t < 1, d = 0.07. The 

average beta of the interaction between ORB and trial order was also not significantly 

different from zero (MORB = -0.02, SEORB = 0.03), t < 1, d = 0.15. On the other hand, the 

beta coefficient between total points scored the previous month and trial order was 

significantly different from zero (MPTS = -0.06, SEPTS = 0.03), t(29) = -2.30, p = .029, d = 
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0.42. This was also the case for wins this month (MWIN = -0.07, SEWIN = 0.03), t(29) = -

2.11, p = .044, d = 0.38. This shows that participants decreased their use of total points 

scored the previous month and wins this month as trials passed.   

 

3.2.3 Discussion 

Experiment 6 explored how people process unexpected adviser confidence in relation to 

the external information, using a basketball game outcome prediction task. In particular, 

the experiment investigated how people process confidently given advice despite 

ambiguous evidence and advice expressing uncertainty even though the external 

information is unambiguous.  

 

Prior to examining the impact of adviser confidence and advice-taking context, overall 

perception and advice adoption for the two advisers (expert vs. novice) were examined.  

Consistent with previous literature (e.g., Bonnacio & Dalal, 2006; Bonnacio & Dalal, 

2010; Sniezek et al., 2004; Van Swol & Sniezek, 2005), participants perceived the expert 

adviser as more competent and were also more likely to utilise their advice. For instance, 

participants changed their answer more often following the expert’s (vs. novice’s) advice 

when the external information was ambiguous.  

 

The main objective of the experiment was to investigate advice-taking when external 

information ambiguity varied. When the external information was ambiguous, 

participants tended to increase their confidence after advice that agreed with their initial 

prediction. However, when the advisers disagreed, participants became less confident in 

their answer and sometimes even switched their predicted winning team. This finding 

provides support for H1 and previous literature with similar findings (e.g., Birnbaum & 
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Stegner, 1979; Harvey & Fischer, 1997). Decrease in confidence was considerably larger 

after advice from an expert compared to a novice adviser. 

 

When the external information was unambiguous, but the advisers displayed low 

confidence, participants tended to decrease their confidence, particularly when paired 

with an expert adviser. This result differs from effects typically observed in previous 

studies that find agreement from others increases confidence (Julian et al., 1968; McGarty 

et al., 1993; Schultze et al., 2015; Soll et al., 2021). The results also diverge from a simple 

Bayesian model which suggests that any form of agreement should increase confidence 

as it leads to higher probability of being correct, and this increase would be greater with 

a more trusted (expert) adviser. A possible explanation for this effect is that the advisers 

displaying low confidence may have led people to doubt their assessment of the external 

information. When the participants were overly confident compared to the advisers, they 

would re-evaluate their use of the four basketball statistics and their overall decision-

making strategy. In line with this, there was some change participants’ use of the 

basketball statistics over time even though no explicit feedback was provided. In the 

second half of the trials, participants decreased their use of total points scored last month 

and percentage of wins this month, which were statistics used the least by the advisers. 

This possibly indicates that participants deduced the advisers’ weighting of the basketball 

statistics and adopted the advisers’ decision-making strategy.  

 

On the other hand, an alternative explanation of the findings is that people treat the task 

as an estimation task where there is a correct confidence value. Therefore, people might 

have been simply lowering their confidence to match the adviser’s confidence rather than 

subjectively feeling less confident about their answer and decision-making strategy. To 
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address this issue, two follow-up studies were conducted where either the advisers’ 

confidence or the participants’ confidence was recorded using linguistic expressions. 

Linguistic expressions tend represent a range of confidence that may slight vary for each 

individual (Hamm, 1991). Therefore, we believed that advisers’ use of the linguistic 

expressions (instead of precise numeric confidence values) would limit the tendency to 

copy or match the advisers’ confidence. Thus, the follow-up experiments would better be 

able to capture genuine change in confidence. 

 

3.3 Experiment 7  

Experiment 6 showed that participants decreased their confidence even when an adviser 

agreed with their initial answer when the external information is ambiguous. However, it 

was unclear if this change in confidence reflected a genuine change in subjective 

confidence or participants’ tendency to match the advisers’ confidence. In other words, 

participants could have treated the task as an estimation task and believed that there was 

a “correct confidence” value. Therefore, in Experiment 7, advisers’ confidence was 

provided using linguistic expressions. Linguistic expressions do not have a specific point 

confidence value. Thus, participants are less likely to believe there is a correct single 

value and it would also be difficult for participants to exactly copy the advisers’ 

confidence. Five linguistic expressions of confidence were adopted from previous 

literature.  

 

3.3.1 Methods 

Participants. In Experiment 7, 60 participants (29 = Female, 31 = Male, Mage = 37.0 SDage 

=12.3) were recruited through Prolific (www.prolific.com). The number of participants 

was increased as the range of adviser confidence reduced to only five levels. Therefore, 
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participants were less likely to change their confidence unless the advisers’ confidence 

substantially differed from their own confidence, thus reducing the overall adviser 

influence. Hence, increasing the number of participants would help better detect the 

change in participant confidence in response to advice. Informed consent was obtained 

from all participants before commencing the experiment and participants were 

compensated £9/hour based on the median duration of the experiment. 

 

Task. The task in Experiment 7 was identical to Experiment 6. Participants predicted the 

outcome of basketball games based on four statistical information: effective field goal 

rate (eFG%), offensive rebound rate (ORB%), points scored the previous month, and 

percentage of wins this month. Participants chose between Home Team and Away Team 

by moving a slider on a horizontal scale ranging from 100% Home Team to 100% Away 

Team. The mid-point (50% confident) was not selectable thus, it was mandatory to answer 

the questions.  

 

Advisers. Consistent with Experiment 6, there was one expert and one novice adviser. 

Each advisers’ prediction of the basketball game outcome was constructed in the same 

way as the previous study. However, in this study, the advisers gave their confidence level 

using linguistic expressions rather than numerical values. The linguistic expressions were 

adopted from Hamm (1991). Hamm (1991) constructed 19 lists of verbal expressions and 

asked participants to assign a numerical value to each expression. Among these, five 

linguistic expressions of confidence where most participants assigned a similar numeric 

range was selected. In the current experiment, each linguistic expression represented 

approximately a 10 percent range of confidence. More specifically, the expressions were 

Toss-up (50.1%-59.9% confidence), Better than even chance (60-69.9%), Quite Likely 
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(70-79.9%), Highly Probable (80-89.9%), and Almost Certain (90-100%). For example, 

if the adviser was 93% confident that the Home Team would win, he would now say “I 

am almost certain that Home Team would win”. Both advisers (expert vs. novice) used 

the same set of linguistic expressions of confidence.  

 

Procedure. Experiment 7 followed the same procedure as Experiment 6. After reading 

the task instructions and learning about the statistics, participants completed a training 

block that consisted of the same three trials from Experiment 6. The advisers agreed on 

the (correct) answer in the first two trials, in the third training trial the expert and novice 

predicted different team would win but gave identical confidence level (unlike 

Experiment 6 where the expert was more confident). This was because the adviser 

confidence numerically differed but fell in the same confidence range for the linguistic 

expression.  

 

There were 48 experimental trials, split into two blocks with the option to rest after the 

first 24 trials. The test trials were identical to Experiment 6, except that adviser confidence 

was translated to linguistic expressions following the method outlined above. Upon 

completion of the test blocks, participants gave adviser competence ratings. Then, 

participants were asked to guess the four basketball statistics ranking for each adviser 

(rank from used the most to the least). Lastly, demographic information (age and gender) 

was collected.  Participants’ basketball knowledge was initially collected as a covariate 

in Experiment 6. However, most participants reported having limited knowledge in 

basketball (None, N=12; Poor, N = 14; Decent, N = 2; Good, N = 2). Therefore, it was 

difficult to interpret the analyses results meaningfully. Thus, this measure was dropped 

in the current experiment and Experiment 8.  
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Data Analysis.  

Experiment 6 showed that in the ambiguous evidence trials, participants’ initial answer 

and advice disagreed for a considerable number of trials. Therefore, H1 and data analysis 

was revised in the pre-registration for Experiment 7. Data analysis for Experiment 7 

followed the same method outlined in the Data Analysis section of Experiment 6, but 

without the covariate (basketball knowledge). Another difference was how the confidence 

distance (adviser’s confidence – participant’s initial confidence) measure and the weight 

of advice (WOA) was calculated. In this experiment, the advisers used linguistic 

expressions to convey their confidence, which represented a range of values. For both 

measures, the adviser’s confidence needs to be a single numerical value. Therefore, the 

linguistic expressions were translated to a single numerical value by taking the mid-point 

of the confidence range for each linguistic expression. For example, Almost Certain 

represented confidence between 90 to 100%. Therefore, confidence of Almost Certain 

was computed as 95% to derive the confidence distance and WOA value. 

 

3.3.2 Results 

Participant Accuracy. Similar to Experiment 6, participants’ initial answer and advice 

mostly agreed in the unambiguous evidence trials and thus, participants did not change 

their initial answer (Table 3.3). On the other hand, participants changed their initial 

answer more often following the expert’s advice in the ambiguous evidence trials, t(59) 

= -4.64, p < .001, d = 0.60. This was also reflected in the greater increase in accuracy 

from initial to final answer trials with the expert’s advice, t(59) = 2.73, p = .008, d = 0.35.  
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Table 3.3 Participant accuracy by trial and adviser type in Experiment 7 
 Initial 

Accuracy 
(%) 

Final 
Accuracy 

(%) 

Agreeing 
Trials (%) 

Changed 
Answer (%) 

Ambiguous Evidence     
Expert 49 57 58 16 
Novice 54 58 61 8 

Unambiguous Evidence     
Expert 99 99 99 0 
Novice 91 91 99 0 

 

Adviser Rating. Adviser ratings were collected to measure participants’ perceived 

competence of the expert and the novice advisers. The expert adviser’s (Mexp = 4.5, SEexp 

= 0.13) rating was significantly higher than the novice adviser’s (Mnov = 2.9, SEnov = 0.14) 

rating, t(59) = 10.01, p < .001, d = 1.29. This demonstrates that people indeed perceived 

the expert adviser to be more competent and manipulation of adviser expertise was 

successful. 

 

Adviser Influence. The main measure of interest was how much participants update their 

initial confidence in response to each adviser’s advice. This was measured as adviser 

influence (change in confidence from initial to final answer), which was calculated in the 

same manner as Experiment 6. Analyses were carried out separately for the 12 ambiguous 

evidence trials and 12 unambiguous evidence trials.  

 

Ambiguous evidence trials. For the ambiguous evidence trials, it was hypothesised that 

agreeing advice would increase advisees’ (i.e., participant) confidence while disagreeing 

advice lowers confidence, with this effect being stronger for the expert adviser (H1). In 

order to test H1, two t-tests were carried out to examine adviser influence following 

advice that agrees or disagrees with participants’ initial answer. As hypothesised, a t-test 



 146 

found that adviser influence (participant’s final – initial confidence) was positive for trials 

where participants’ initial answer and advice agreed (MAgree = 4.01, SDAgree = 4.38), t(59) 

= 7.09, p < .001, d = 0.91. On the other hand, adviser influence was negative when the 

adviser disagreed with the participants’ initial answer (MDisagree = -7.18, SDDisagree = 6.19), 

t(58) = -8.91, p < .001, d = -1.16. This shows that participants generally became more 

confident when an adviser agreed but decreased their confidence when an adviser 

disagreed. 

 

A 2 (agree vs. disagree) x 2 (expert vs. novice) repeated measures ANOVA was carried 

out to examine the adviser influence measure in trials with ambiguous basketball statistics. 

Nine participants were excluded from the analyses due to not having data in all four trial 

types (i.e., incomplete cases) and thus, data from a total of 51 participants were analysed. 

There was a significant main effect of initial agreement (F(1,50) = 68.99, p < .001, η2 

= .43). The main effect of adviser type was not significant (F(1,50) = 0.45, p =.505, η2 

= .001). However, there was a significant interaction effect between initial agreement and 

adviser type (F(1,50) = 34.78, p < .001, η2 =.09). Therefore, pairwise comparison with 

Bonferroni correction was conducted. In the agreeing trials, there was a significant 

difference in adviser influence by adviser type (p < .001, d = 0.70), indicating that 

participants became more confident following the expert’s advice (Mexp = 5.52, SEexp = 

0.84) compared to the novice’s advice (Mnov = 1.96, SEnov = 0.55). There was also a 

significant difference in adviser influence by adviser type in disagreeing trials (p < .001, 

d = -0.57). Adviser influence was significantly more negative following the expert’s 

advice (Mexp = -9.85, SEexp = 1.31) compared to the novice’s advice (Mnov = -5.41, SEnov = 

0.81). This demonstrates that participants reduced their confident more after disagreement 

from the expert. The findings from the t-test and ANOVA taken together supports H1.   
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Figure 3.8 Adviser influence following advice in ambiguous evidence trials in Experiment 

7 

Unambiguous evidence trials. In the unambiguous evidence trials, it was predicted that 

unexpected low adviser’s confidence would lead participants to decrease their confidence 

despite agreeing advice. This effect was expected to be stronger for the expert adviser 

(H2). There were only a few trials where participants’ initial answer disagreed with the 

advice. Therefore, these trials were dropped from the analyses. A t-test was first 

conducted to check if the difference between participants’ initial and post-advice 

confidence (i.e., adviser influence) was negative following advice. However, adviser 

influence was significantly positive (M = 1.98, SD = 3.64), t(59) = 4.22, p <.001, d = 0.54. 

This contrasted with Experiment 6 results, where adviser influence was negative 

following advice in trials with unambiguous evidence. The increase in average confidence 

was numerically greater for the expert adviser (MExp = 2.03, SDExp = 4.96) compared to 
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the novice adviser (MNov = 1.89, SDNov = 3.36) but the difference was not significant, t(59) 

= 0.26, p = .602, d = 0.03.   

 

Once again to better understand the trends in the data, a linear mixed model was fitted. 

Adviser influence was the dependent variable, while adviser type (expert vs. novice) and 

confidence distance (adviser’s confidence – participants’ initial confidence) and their 

interaction term were the fixed effects. Participants were included as a random effect. 

There was a significant main effect of confidence distance (b = 0.20, SE = 0.02, p < .001), 

where a more positive confidence distance led to a higher adviser influence while negative 

adviser influence led to decrease in confidence (i.e., negative confidence difference). The 

main effect of adviser type was also significant (b = 1.17, SE = 0.21, p < .001), indicating 

that change in confidence was greater following the expert’s advice compared to the 

novice’s advice. The interaction term was also significant (b = 0.03, SE = 0.02, p = .049). 

This demonstrates that the effect of change in confidence distance on adviser influence 

was greater with the expert adviser than with the novice adviser. In other words, 

participants were more sensitive to confidence distance with the expert compared to the 

novice.  

 

The analysis results and Figure 3.9 show that participants generally increased their 

confidence following agreement from the advisers. The overall increase in confidence 

was greater (although not significantly) when an expert agreed. On the other hand, 

although less so than Experiment 6, there were also cases where participants decreased 

their confidence in spite of agreeing advice. Decrease in confidence was particularly 

prominent when the adviser’s confidence was much lower (about 20%) than their own 

confidence and following the expert’s advice (Figure 3.9). In the current experiment, the 
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adviser confidence was conveyed using linguistic expressions which represented a range 

of confidence. Therefore, participants might have overlooked small differences between 

their own and the adviser’s confidence. Hence, participants may have only decreased their 

confidence when an adviser expressed substantially lower confidence than themselves. 

Furthermore, participants still decreased their confidence despite the lack of specific 

numerical value (as advisers’ linguistic expressions represented a range of values) to 

practice confidence matching. Thus, the findings in the current experiment reduce the 

likelihood that participants were simply matching their confidence to the adviser’s 

confidence. 

Figure 3.9 Adviser influence following advice in unambiguous evidence trials in 

Experiment 7 

Weight of Advice. Similar to Experiment 6, weight of advice (WOA) measure was 

calculated as an additional measure of advice adoption. In this experiment, the advisers 
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communicated their confidence through linguistic expressions. Therefore, WOA was 

calculated by taking the mid-point of the confidence range for each expression, following 

the method outlined previously. Apart from this difference, WOA was calculated 

following the same equation outlined in Experiment 6. Weight of advice values where 

participants’ initial confidence and adviser confidence differed by less than 2 points and 

WOA values less than -1 or greater than 2 were excluded from the analyses. Analyses 

were carried out separately for ambiguous and unambiguous evidence trials. Prior to 

presenting the analyses results, it is worth noting that WOA is normally used for 

estimation tasks. It was unlikely that participants treated the current experiment as an 

estimation task (considering the advisers’ use of linguistic expressions for confidence 

instead of numerical value). However, the WOA value was still calculated for consistency 

with Experiment 6 and to allow some comparison with previous literature.  

 

Ambiguous evidence trials. The WOA values of ambiguous evidence trials were analysed 

using a repeated measures 2 (agree vs. disagree) x 2 (expert vs. novice) ANOVA. There 

were 48 participants remaining after eliminating participants with incomplete cases. 

There was no significant main effect of agreement (F(1,47) = 2.57, p = .116, η2 =.012). 

This contrasted with Experiment 6, which found that WOA values were greater in 

disagreeing trials. However, there was a significant main effect of adviser type (F(1,47) 

=13.80, p < .001, η2 = .04). The expert’s WOA (Mexp = 0.26, SEexp = 0.03) was greater 

than the novice’s WOA (Mnov = 0.15, SEnov = 0.03). This once again demonstrates that the 

expert adviser was more influential. Consistent with Experiment 6, the interaction term 

was not significant (F(1,47) = 2.51, p = .120, η2 =.007).  
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Figure 3.10 Weight of Advice of ambiguous evidence trials in Experiment 7 

 

Unambiguous evidence trials. A t-test comparing weight of advice (WOA) for expert and 

novice was carried out. In contrast to Experiment 6 and the analysis above of ambiguous 

evidence trials, here the WOA for the expert (Mexp = 0.07, SEexp = 0.04) was significantly 

lower than the novice’s WOA (Mnov = 0.19, SEnov = 0.04), t(59) = -2.07, p = .043, d = -

0.27. Additionally, the overall WOA values in the current experiment were numerically 

lower than Experiment 6 (Mexp = 0.4; Mnov = 0.28). The difference between the two 

experiments is likely due to the greater number of negative WOA values in the current 

experiment (Figure 3.11). There were more negative WOA values following the expert’s 

advice (Figure 3.11), which is likely to have resulted in the expert’s overall lower WOA 

compared to the novice. The negative WOA values are likely to be due to participants 

becoming more confident than the adviser following agreeing advice. For example, 

imagine a participant initially predicted that Home Team would win with 70% confidence 

and an adviser agrees with 60% confidence. If the participant increases their confidence 
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to 80%, the WOA value would be -1. In Experiment 7, adviser confidence was given 

using linguistic expressions, which incorporates a range of confidence values. Thus, 

participants might have not realised that they were overconfident compared to the adviser 

and became more confident in their judgement. This is also evident in Figure 3.9 where 

there are considerable number of positive adviser influence values despite negative 

confidence distance. These analyses demonstrate the limits of extending the standard use 

of WOA to the present type of tasks where advice and participants’ answers are collected 

using different scales. Therefore, comparison of WOA values in the current experiment 

and previous literature should be made cautiously. 

Figure 3.12 Weight of Advice of unambiguous evidence trials in Experiment 7 

 

Advisers’ Variable Use Ranking. Participants were asked to estimate each adviser’s use 

of the four basketball statistics and rank them from used the most to the least. This was 

to examine if participants were able to deduce the adviser’s weighting of the four 
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basketball statistics. A Kendall’s rank correlation coefficient was calculated between 

participants’ predicted ranking and each adviser’s actual ranking. Participants were 

significantly better at ranking the expert’s use of the four basketball statistics (Mexp = 0.16, 

SEexp = 0.07) than ranking the novice’s use (Mnov = -0.33, SEnov = 0.06), t(59) = 5.19, p 

< .001, d = 0.67.  

 

Participants’ variable use. The degree to which each participants used the basketball 

statistics in their decision-making was estimated for the first and second half of the trials. 

T-tests were carried out for each of the four basketball statistics, which found no 

significant difference: effective field goal (p = .978, d = -0.004), offensive rebound (p 

= .050, d = 0.26), total points scored the previous month (p = .142, d = 0.19) and 

percentage of wins this month (p = .972, d = 0.005). However, there was a numerical 

reduction in the use of offensive rebound and total points scored the previous month. The 

trial effect was also examined in Experiment 7, following the same method as Experiment 

6. The analysis yielded the similar results, where the average beta for the interaction 

between eFG and trial order was not significantly different from zero (MEFG = 0.02, SEEFG 

= 0.02), t < 1, d = 0.10. The average beta of the interaction between ORB and trial order 

was significantly different from zero (MORB = -0.05, SEORB = 0.02), t(59) = -2.27, p = .027, 

d = 0.29, suggesting participants generally decreased the use of ORB as trials passed. On 

the other hand, the beta coefficient between total points scored the previous month and 

trial order was not significantly different from zero (MPTS = -0.03, SEPTS = 0.02), t(59) = -

1.43, p = .157, d = 0.19. This was also the case for wins this month (MWIN = -0.02, SEWIN 

= 0.03), t < 1, d = 0.11.  
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Figure 3.13 Change in the use of four basketball statistics by block in Experiment 7 
 

 
3.3.3 Discussion  

Experiment 7 was carried out to examine if change in participants’ confidence is 

contingent on the desire to match one’s own confidence to the adviser’s confidence. In 

order to test this, the experiment used five linguistic expressions selected from Hamm 

(1991). Linguistic expressions do not have a specific value but are associated with a range 

of confidence values. Furthermore, advisers and participants express their confidence 

using different methods. Therefore, change in participants’ confidence is more likely to 

indicate an actual change in subjective feeling of confidence rather than a result of 

confidence matching.  

 

Focusing on trials where the basketball statistics were ambiguous, agreement from the 

advisers led to increase in confidence and disagreement resulted in confidence reduction. 

This effect was stronger following the expert’s advice than the novice’s advice. 
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Additionally, the weight of advice (WOA) value was also greater for the expert adviser. 

This demonstrates that the expert adviser was more influential, which replicates 

Experiment 6 results. On the other hand, there were some differences in the results for 

the unambiguous evidence trials compared to Experiment 6. In contrast to Experiment 6, 

where the overall adviser influence was negative, participants’ overall change in 

confidence was positive. Furthermore, participants on average increased their confidence 

more after receiving the expert’s advice. Interestingly, the (WOA) value was numerically 

higher for the novice than the expert adviser. The lower WOA value for expert was due 

to the greater cases of negative WOA. As adviser confidence was conveyed with five 

linguistic expressions, participants might have perceived advisers to have similar levels 

of confidence as themselves even when the adviser was less confident and thus, increased 

their own confidence, which resulted in negative WOA value. Greater frequency of 

negative WOA value may also explain the generally lower WOA value in Experiment 7 

compared to Experiment 6.  

 

In the case of unambiguous evidence trials, although the overall adviser influence value 

was positive, this was numerically lower than the overall adviser influence value under 

agreement in the ambiguous evidence trials. This suggests that participants were less 

likely to increase their confidence despite agreement from the adviser in the unambiguous 

evidence trials. Additionally, in some trials, participants decreased their confidence, and 

this was particularly evident when the advisers were considerably less confident than the 

participants. In Experiment 7, the advisers used five linguistic expressions of confidence, 

where each expression is associated with a range of confidence values. Thus, the 

difference between participant’s own confidence and the adviser’s confidence was less 

apparent compared to Experiment 6. Participants might have perceived advisers to be 
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similarly confident as themselves or viewed the difference as negligible unless the 

adviser’s confidence significantly diverged from their own confidence. Therefore, 

participants decreased their confidence despite agreement only when the advisers were 

substantially less confident than themselves. Thus, negative adviser influence values (i.e., 

participants decrease their confidence) occurred less in Experiment 7 than in Experiment 

6. This is likely to have driven the positive adviser influence value in Experiment 7. Even 

though the effect was smaller than Experiment 6, decrease in confidence despite 

agreement still occurred which deviates from previous findings that generally shows that 

agreement from advisers lead to increase in confidence (Julian et al., 1968; McGarty et 

al., 1993; Schultze et al., 2015; Soll et al., 2022). 

 

Furthermore, the results of the current experiment suggest that people’s reduction in 

confidence despite agreeing advice is not merely because people perceive the task as an 

estimation task where there is a “correct” confidence value and practice confidence 

matching (e.g., Friedmann et al., 2024). The linguistic expressions used by the advisers 

incorporates a range of confidence and therefore it is difficult to deduce a specific numeric 

confidence. Thus, people are likely to have sensed the advisers’ uncertainty and also 

question their confidence.  

 

However, in contrast to Experiment 6 where participants changed their decision-making 

strategy there were only small changes in participants’ use of the four basketball statistics 

from first to second half of the trials. For example, there was a non-significant numerical 

reduction in the use of Total Points Scored. This is the statistic weighted the least by the 

advisers, suggesting some learning of advisers’ decision-making strategy. However, 

participants also used ORB less in their decision, which is a variable the advisers prioritise. 
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The participants’ limited adoption of the advisers’ use of the four basketball statistics 

compared to Experiment 6 might be due to two reasons. Firstly, the adviser only used five 

linguistic expressions. Therefore, it might have been more challenging to deduce the 

advisers’ weighting of the basketball statistics. Second, participants might have doubted 

their decision-making strategy less compared to Experiment 6, which is reflected in 

greater increase in confidence in unambiguous evidence trials. Therefore, participants did 

not feel the need to adopt the advisers’ weighting of the basketball statistics. 

 

3.4 Experiment 8 

In Experiment 8, the advisers’ confidence was conveyed using numerical values (same as 

Experiment 6), but participants were asked to give their answer using linguistic 

expressions of confidence. The current experiment aimed to investigate if people change 

their confidence even when using a different response mechanism – linguistic expressions. 

Another purpose was to ensure that people are interpreting, understanding and using the 

linguistic expressions of confidence as intended in Experiment 7 and previous literature.  

 

3.4.1 Methods 

Participants. Sixty participants (29 = Female, 31 = Male, Mage = 37.8, SDage = 12.04) 

were recruited through Prolific (https://www.prolific.com). The number of participants 

remained larger than Experiment 6 because measure of participant confidence reduced to 

five levels. As there are only five levels, participants are only likely report a different 

confidence level following a large change in confidence and a small confidence change 

would not be detected. Therefore, sample size was increased to compensate for this 

reduced power to detect smaller effects. Informed consent was obtained from all 
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participants prior to commencing the study. Compensation rate was £9/hour based on the 

median duration of the experiment.  

 

Task. The task was once again to predict basketball game outcomes using four basketball 

statistics given for each team. The basketball statistics given were identical to the previous 

experiments: effective field goal rate (eFG%), offensive rebound rate (ORB%), points 

scored the previous month, and percentage of wins this month. Participants’ answers were 

collected using a multiple-choice question with 10 options. The choice options were 

composed of five different confidence level and two team options (Home Team or Away 

Team). Participants were forced to select only one option. An example of the options is 

displayed in Figure 3.14.   

Figure 3.14 Example of multiple-choice options in Experiment 8 

 

Procedure. The task used in Experiment 8 was identical to Experiment 6 and 7. 

Participants predicted basketball game outcomes based on the four statistical measures. 

First, participants read about the task and definition of each basketball statistics, then 

completed a short training block comprised of three trials. The training blocks were 

identical to Experiment 6. In the first two training trials the two advisers predicted that 

the same team would win, and they were correct. The expert adviser gave the correct 

answer for all three training trials, but the novice’s answer was incorrect in the last 

training trial. After each training trial, participants were provided with the winning team 

and score difference between the Home Team and Away Team. The game outcomes were 
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not provided in the test trials. Upon completing the training trials, participants engaged 

in test trials, which comprised of 48 trials split into two blocks. After the test trials, 

participants gave adviser competence rating and ranked each advisers’ use of each 

basketball statistics from used the most to the least. Order of presentation of the two 

advisers for the rating and the ranking questions were randomised. Demographic 

information (age and gender) was then collected. Finally, participants were debriefed.  

 

Data Analysis  

The data analysis for Experiment 8 followed the same method as Experiment 6 and 7. 

Analysis was conducted separately for ambiguousx and unambiguous evidence trials for 

adviser influence (change in participant confidence pre- and post-advice) and weight of 

advice (WOA) measure.  Participants’ linguistic expression of confidence had to be 

translated into a numerical value to calculate confidence distance (adviser confidence – 

participant’s initial confidence) and WOA. Each linguistic expression represented a range 

of confidence. Therefore, following the same method used in Experiment 7, each 

expression was translated as the mid-point value of the range. For example, Almost 

Certain, which represents 90% to 100% confidence, was calculated as 95%. 

 

3.4.2 Results 

Participants’ Accuracy. Similar to Experiment 6 and 7, in the ambiguous evidence trials, 

participants changed their initial answer more often following the expert’s advice, t(59) 

= 4.46, p < .001, d = 0.58. The difference in initial and final accuracy was also greater for 

trials with the expert adviser than with the novice adviser, t(59) = -3.10, p = .003, d = 

0.40.  
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Table 3.4 Participants’ accuracy by trial and adviser type in Experiment 8. 

Adviser Rating. Consistent with Experiment 6 and 7, the expert adviser’s competence 

rating (Mexp = 4.46, SEexp = 0.12) was significantly greater than the novice’s rating (Mnov 

= 2.68, SEnov = 0.13), t(59) = 11.41, p < .001, d = 1.47, indicating that participants 

perceived the expert adviser to be more competent than the novice adviser.  

 

Adviser Influence. Participants’ change in confidence from initial to final answer (i.e., 

adviser influence measure) was recorded to measure advice adoption for each adviser. 

The effect of adviser type on participants’ confidence change was analysed separately for 

ambiguous and unambiguous evidence trials.  

 

Ambiguous evidence trials. It was predicted that agreeing advice would increase 

confidence whereas disagreeing advice would lead to reduction in confidence, where this 

effect would be stronger following the expert’s compared to the novice’s advice (H1). To 

test H1, trials with ambiguous basketball statistics were analysed using two t-tests, ran 

separately for agreeing and disagreeing trials. It was predicted that adviser influence 

(change in confidence pre- to post-advice) would be positive when advisers agree with 

the participant’s initial answer and negative under disagreement. The adviser influence 

was indeed greater than zero under agreement (MAgree = 4.09, SDAgree = 5.30), t(59) = 5.98, 

 Initial 
Accuracy 

(%) 

Final 
Accuracy 

(%) 

Agreeing 
Trials (%) 

Changed 
Answer (%) 

Ambiguous Evidence     
Expert 51 60 58 17 
Novice 52 57 59 9 

Unambiguous Evidence     
Expert 99 99 99 0 
Novice 92 92 99 0 
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p < .001, d = 0.77. Whereas, adviser influence was below zero under disagreement 

(MDisagree = -12.27, SDDisagree = 11.38), t(59) = -8.35, p < .001, d = -1.08 

 

A 2 (agree vs. disagree) x 2 (expert vs. novice) repeated measure ANOVA was conducted 

with adviser influence as the dependent variable. Seven participants were excluded from 

the analysis due to incomplete data set in all four trial types. Therefore, data from 53 

participants were analysed. Consistent with Experiment 7, there was a significant main 

effect of agreement, F(1,52) = 68.01, p < .001, η2 = .36, but there was no significant main 

effect of adviser type, F(1,52) = 0.97, p = .331, η2 = .003. Of critical interest, the 

interaction term was significant, F(1,52) = 17.55, p < .001, η2  = .06. Pairwise comparison 

with Bonferroni correction showed that there was a significant difference in confidence 

change by adviser type in the agreeing (p < .001, d = 0.72) and disagreeing (p = .005, d = 

-0.46) trials. In the agreeing trials, participants increased their confidence more following 

the expert’s advice (Mexp = 6.25, SEexp = 0.76) compared to the novice’s advice (Mnov = 

1.80, SEnov = 0.94). Similarly, when faced with disagreement with the advisers, 

participants decreased their confidence significantly more with the expert adviser (Mexp = 

-15.9, SEexp = 2.15) compared to the novice adviser (Mnov = -9.20, SEnov =1.80).  
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Figure 3.15 Adviser influence following advice in ambiguous evidence trials in 
Experiment 8 

 

Unambiguous evidence trials. Unambiguous evidence trials were analysed to test H2, 

which hypothesised that agreement from uncertain advisers would lead participants to 

feel less confident, with this effect being greater for an expert than a novice adviser. There 

were only few trials where participants initial answer and advice disagreed. Therefore, 

only trials where participants initial answer and advice were in agreement were analysed. 

Data were analysed using t-tests. In contrast to Experiment 6 but consistent with 

Experiment 7, adviser influence (M = 1.52, SD = 3.51) was significantly greater than zero, 

t(59) = 3.36, p =.001, d = 0.43. Moreover, the adviser influence value was significantly 

higher for the novice adviser (MNov = 2.40, SDNov = 3.71) compared to the expert adviser 

(MExp = 0.67, SDExp = 4.14), t(59) = -3.79, p < .001, d = -0.49.  

 

In order to better understand the results, a linear mixed model was used, where adviser 

type and confidence distance (adviser’s confidence - participant’s initial confidence) were 
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the fixed effects. Participants were included as random effect. There was a significant 

main effect of confidence distance (b = 0.25, SE = 0.02, p < .001). In line with Experiment 

6 and 7, participants generally increased their confidence when confidence distance was 

positive and reduced their confidence when confidence distance was negative (despite 

advisers’ agreement on which team would win). There was also a significant main effect 

of adviser type (b = 0.75, SE = 0.25, p = .002). The interaction between confidence 

distance and adviser type was significant (b = 0.04, SE = 0.02, p = .025), with the 

regression slope being significantly steeper for the expert adviser (bexp = 0.29) compared 

to the novice adviser (bnov = 0.22). This shows that participants were more sensitive to 

confidence distance with the expert adviser compared to the novice adviser and changed 

their confidence accordingly. Similar to Experiment 7, the overall positive adviser 

influence is likely because participants perceived advisers to have similar levels of 

confidence as themselves and thus became more confident when an adviser agreed. 

However, a notable difference with Experiment 6 and 7 is that there were more trials in 

the current experiment where participants did not change their confidence (i.e., adviser 

influence is 0). Additionally, in the present experiment, participants still decreased their 

confidence sometimes, but similar to Experiment 7, this occurred most often when the 

adviser was substantially less confident than the participant (Figure 3.16). This 

conservative change in confidence may be because participants’ confidence was recorded 

using five linguistic expressions. Hence, participants may have only changed their 

confidence when they felt a considerable change in their confidence.  
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Figure 3.16. Adviser influence measure following advice in unambiguous evidence trials 
in Experiment 8  

 

Weight of Advice. Weight of advice (WOA) was calculated as an additional measure of 

advice adoption. The participants and advisers expressed confidence using different 

methods (linguistic expressions vs. numerical values). Therefore, participants’ linguistic 

expressions of confidence were translated to numerical values to calculate WOA. Hence , 

comparison of WOA values to values reported previous literature should be made 

cautiously.  

 

Ambiguous evidence trials. A repeated measure ANOVA was carried out with agreement 

(agree vs. disagree) and adviser type (expert vs. novice) as the independent variables and 

weight of advice (WOA) as the dependent variable. Data from a total of 52 participants 

were analysed after eliminating participants with incomplete cases. The main effect of 
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agreement was not significant, F(1,51) = 0.22, p = .643, η2 = .001. However, there was a 

significant main effect of adviser type, F(1,51) = 21.70, p < .001, η2 = .08, where the 

expert adviser’s WOA (Mexp = 0.38, SEexp = 0.04) was significantly greater than that of 

the novice adviser’s  WOA (Mnov = 0.18, SEnov = 0.03). The interaction between agreement 

and adviser type was also significant, F(1,51) = 6.67, p = .013, η2 = .01. Pairwise 

comparison with Bonferroni correction showed that the difference between expert (Mexp 

= 0.42, SEexp = 0.06) and novice (Mnov = 0.16, SEnov = 0.04) was significant in agreeing 

trials (p < .001, d = 0.71). This was also the case for disagreeing trials (Mexp = 0.33, SEexp 

= 0.04; Mnov = 0.20, SEnov = 0.04; p = .009, d = 0.46). This suggests that the difference 

between expert and novice WOA is greater under agreement compared to disagreement 

(Figure 3.17).  

Figure 3.17 Weight of Advice of ambiguous evidence trials in Experiment 8 

Unambiguous evidence trials. A t-test was conducted to compare WOA after receiving 

the expert’s versus the novice’s advice. The WOA value was numerically higher for the 

novice adviser (Mnov = 0.19, SEnov = 0.04) compared to the expert adviser (Mexp = 0.11, 
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SEexp = 0.03) but the difference was not significant, t(59) = -1.67, p = .099, d = -0.22. 

Similar to Experiment 7, the difference between expert’s and novice’s WOA was driven 

by the greater number of negative WOA following the expert’s advice (Figure 3.18). The 

negative WOA is likely a result of participants becoming more confident than the adviser 

following agreeing advice. In other words, despite negative confidence distance, 

participants sometimes increased their confidence (i.e., positive adviser influence), 

particularly after receiving the expert’s advice (Figure 3.16).  

Figure 3.18 Weight of Advice of unambiguous evidence trials in Experiment 8 

 

Advisers’ Variable Use Ranking. In order to examine if participants were able to deduce 

the advisers weighting of the four basketball statistics, participants were asked to rank 

each adviser’s use of the four basketball statistics from weighted the most to the least. 

Kendall’s rank correlation coefficient was calculated between the participants’ inferred 

ranking and the advisers’ actual use of the basketball statistics, separately for the expert 
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and the novice advisers. The Kendall’s ranking correlation coefficient between the 

participants inferred and expert adviser’s actual ranking (Mexp = 0.22, SEexp = 0.07) was 

significantly greater than the Kendall’s rank correlation coefficient between participants’ 

inferred and the novice’s actual ranking (Mnov = -0.34, SEnov = 0.06), t(59) = 6.68, p < .001, 

d = 0.86. This shows that participants were better at deducing the expert’s ranking of the 

four basketball statistics compared to the novice’s ranking. 

 

Participants variable use. Hypothesis 3 predicted that unexpected adviser confidence 

would prompt participants to deduce and adopt adviser’s weighting of the four basketball 

statistics. Therefore, participants’ basketball statistics weighing was compared between 

the first and the second test blocks, following the same method as Experiment 6 and 7. 

This analysis assessed whether there are any changes in participants’ use of the four 

basketball statistics in predicting the basketball game outcomes. Four separate t-tests were 

carried out (one for each basketball statistic) with the beta values calculated for each 

participant in each block. There was no significant difference in the use of effective field 

goal (p = .993, d = 0.001), offensive rebound (p = .655, d = 0.06), points scored the 

previous month (p = .767, d = -0.04). However, there was a significant decrease in the 

use of percentage of wins this month (weighted the least by the advisers) from the first 

block (Mfirst =15.75, SEfirst = 0.99) to the second block (Msecond = 14.04, SEsecond =1.07), 

t(59)= 2.19, p =.032, d = 0.28. These findings partially replicate Experiment 6 and show 

some support for H3. Additionally, the trial effect was examined, which yielded the same 

results where only the beta value of the interaction between percentage of wins this month 

and trial order was significantly different from zero (MWIN = -0.08, SEWIN = 0.04), t(59) = 

-2.11, p = .039, d = 0.27. 
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Figure 3.19 Change in use of four basketball statistics by block in Experiment 8 

 
3.4.3 Discussion 

In Experiment 8, the advisers gave their confidence using numerical values whereas 

participants were asked to use linguistic expressions to express their confidence. The 

experiment was conducted to confirm that participants’ change in confidence was not a 

result of confidence matching.  

 

When external information was ambiguous, the results were consistent with Experiment 

6 and 7. Participants became more confident when advisers agreed with them. In contrast, 

when the advisers disagreed, participants became less confident in their prediction. The 

expert adviser had a stronger impact on people’s confidence than the novice adviser. This 

was also confirmed in greater WOA of expert adviser compared to the novice adviser.  

The results of unambiguous evidence trials in Experiment 8 only partially replicated 

Experiment 6 and 7. One difference compared to Experiment 6 and 7 was that participants 
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changed their confidence less. This was expected as there are only five levels of 

confidence. Therefore, participants are unlikely to change their confidence unless there is 

a large discrepancy between their own confidence and the advisers’ confidence. 

Additionally, the overall change in confidence was positive. This contradicted results 

from Experiment 6 but was consistent with Experiment 7. However, in contrast to 

Experiment 7, the overall adviser influence was greater after the novice’s advice than 

after the expert’s advice. As visible in Figure 3.16, participants generally increased their 

confidence following agreement. However, they decreased their confidence when an 

adviser, and particularly an expert adviser, was considerably less confident than 

themselves. This would have led to the lower adviser influence value of the expert 

compared to the novice adviser.  

 

In unambiguous evidence trials, the weight of advice (WOA) was higher for the novice 

compared to the expert adviser. This is unlikely to indicate that the novice adviser is more 

influential but driven by greater negative WOA values for the expert. The WOA value 

would be negative when an advisee becomes more confident than the adviser even though 

the advice expressed lower confidence than the advisee’s initial confidence. It is possible 

that participants felt more confident in their initial answer following the expert’s, rather 

than the novice’s, advice. It is also important to note that, similar to Experiment 7, 

participants’ linguistic expressions of confidence were translated to numeric values to 

calculate the WOA measure. However, the linguistic expressions represent a range of 

values and participants’ actual confidence may differ from the assigned numeric value. 

Moreover, weight of advice is designed to measure advice adoption in estimation tasks. 

In this experiment, participants’ confidence was collected rather than their estimation. 

Thus, participants’ use of advice is likely to deviate from advice adoption in estimation 
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task. Additionally, as discussed in Chapter 1, WOA measure is unsuitable for multiple 

choice questions (MCQs). In the current experiment participants reported their 

confidence by selecting one of 10 options, which closely resembles MCQs. The current 

experiment demonstrates the limitations of WOA and thus, comparison with WOA values 

outlined in previous research should be made with caution.   

 

Furthermore, it was hypothesised that participants would change their use of the four 

basketball statistics following repeated interaction with the advisers (H3). This was 

predicted as unexpected adviser confidence could lead participants to doubt their own 

weighting of the four basketball statistics. Therefore, the use of the four basketball 

statistics was compared between the first and second half of the trials. There was a 

significant decrease in the use of win percentage this month. This was the variable used 

the least by both advisers. Participants were not explicitly asked to guess the advisers’ 

decision-making strategy. Nonetheless, it is possible that participants voluntarily engaged 

in deducing which variables the advisers prioritised and partially endorsed their strategy. 

The change in participants’ strategy was greater in the current experiment compared to 

Experiment 7. This might be because the adviser used numerical values to express their 

confidence instead of linguistic expressions. The numerical values are more segmented 

and arguably more informative than five linguistic expressions. This would have 

facilitated deduction of advisers’ statistics use and adoption of advisers’ strategy. 

However, the change in participants weighting of the basketball statistics was less evident 

compared to Experiment 6. This might be because participants changed their confidence 

less which made it more difficult to capture participants’ change in the use of the four 

basketball statistics. 
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3.5 Meta-analysis of effect size  
The meta-analysis was conducted on the effect sizes obtained in each experiment 

(Experiments 6-8) using the metafor package (Viechtbauer, 2010) in R.  The meta-

analysis results are reported separately for ambiguous and unambiguous evidence trials.  

 

Ambiguous evidence trials. Two t-tests were conducted, each t-test compared if adviser 

influence (difference in pre- and post-advice confidence) is significantly different from 

zero following agreeing or disagreeing trials.  

 

The effect size of the two t-tests were compared across Experiments 6-8. Two random-

effects meta-analyses were conducted, which showed that adviser influence was 

significantly different from zero following agreeing advice, d = 0.83, SE = 0.09, 95% 

CI[0.64, 1.01], z  =8.74, p < .001. This was also the case for adviser influence after 

disagreeing advice d = -1.15, SE = 0.11, 95% CI[-1.35, -0.94], z  = -10.91, p < .001. There 

was no evidence of heterogeneity in either analysis (agree: Q(2) = 0.81, p = .781, I² = 0%; 

disagree: Q(2) = 0.47, p = .792, I² = 0%). 

 

The effect size of the 2 (agree vs. disagree) x 2 (expert vs. novice) repeated measure 

ANOVA across Experiments 6-8 were also examined. The partial η2 values were first 

converted to Cohen’s d for ease of comparison following Lakens (2013). A random-

effects model was fitted using the metafor package (Viechtbauer, 2010) with restricted 

maximum likelihood (REML). The analysis found a significant effect of agreement, d = 

1.64, SE = 0.14, 95% CI[1.37, 1.91], z  =12.05, p < .001. There was no evidence of 

heterogeneity, Q(2) = 0.94, p = .625, I² = 0%. The random-effects model found a small, 

non-significant effect, d = 0.16, SE = 0.09, 95% CI[-0.02, 0.34], z  =1.70, p = .090. The 
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heterogeneity across experiments was not significant, Q(2) = 3.04, p = .219, I² = 6.97%. 

The overall effect of the interaction between agreement and adviser type was large and 

significant, d = 0.58, SE = 0.10, 95% CI[0.39, 0.77], z  = 6.06, p < .001. No meaningful 

variability was found, Q(2) = 0.51, p = .777, I² = 0%.  

 

Unambiguous evidence trials. In the unambiguous evidence trials, whether overall 

adviser influence was significantly different from zero was tested using a t-test. A 

random-effects meta-analysis was conducted on the effect sizes (Cohen’s d) from 

Experiments 6-8. The analysis found that adviser influence was not significantly different 

from zero following agreeing advice, d = 0.29, SE = 0.21, 95% CI[-0.12, 0.70], z  =1.37, 

p = .172. There was significant variability in the effect sizes, Q(2) = 9.94, p = .007, I² = 

82.67%. This was likely due to the negative mean adviser influence in Experiment 6 but 

positive adviser influence in Experiments 7 and 8.  

 

The effect size of the linear mixed model was also compared. Cohen’s d for each fixed 

effect (two main effects and one interaction term) was first calculated by dividing the 

unstandardised beta by the model residual SD. A random-effects meta-analysis showed a 

small but significant main effect of confidence distance, d = 0.05, SE = 0.004, 95% 

CI[0.04, 0.05], z  =13.61, p < .001. There was moderate heterogeneity across experiments 

but this was not significant, Q(2) = 3.43, p = .180, I² = 44.57%. The main effect of adviser 

type was also small but significant, d = 0.16, SE = 0.05, 95% CI[0.07, 0.26], z  =3.42, p 

< .001. Once again, there was substantial heterogeneity but the Q-test was not significant, 

Q(2) = 5.29, p = .071, I² = 62.04%. Of critical interest was the interaction between 

confidence distance and adviser type, which was significant but the pooled d was 
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negligible, d = 0.01, SE = 0.003, 95% CI[0.003, 0.01], z  =2.97, p = .003. There was no 

evidence of heterogeneity, Q(2) = 0.19, p = .908, I² = 0%. 

 

In addition, Experiments 6-8 also examined how participants’ use of the four basketball 

statistics (effective field goal, offensive rebound, points scored the previous month, 

percentage of wins this month) changed from first half to the second half of the trials 

using four t-tests. Meta-analysis was conducted on the effect sizes (Cohen’s d) from each 

t-test. Random effects meta-analyses found no evidence to suggest that the use of eFG 

varied, d = -0.04, SE = 0.08, 95% CI[-0.20, 0.12], z  = -0.45, p = .653. There was no 

evidence of heterogeneity, Q(2) = 0.76, p = .685, I² = 0%. The pooled d of ORB was 

significantly different from zero, d = 0.17, SE = 0.08, 95% CI[0.01, 0.33], z  = 2.09, p 

= .036. There was no evidence of heterogeneity, Q(2) = 1.30, p = .522, I² = 0%. The effect 

size of both points scored the previous month (d = 0.16, SE = 0.12, 95% CI[-0.08, 0.41], 

z  = 1.31, p = .191) and percentage of wins this month (d = 0.22, SE = 0.13, 95% CI[-

0.03, 0.47], z  = 1.75, p = .081) did not differ significantly from zero. For both points 

scored the previous month (Q(2) = 4.25, p = .119, I² = 53.18%) and percentage of wins 

this month (Q(2) = 4.35, p = .113, I² = 54.13%) there was moderate heterogeneity but the 

Q tests were not significant. This was unexpected as the use of percentage of wins this 

month significantly decreased in Experiments 6 and 8. The current results may be due to 

the variation in the effect sizes.  

 

3.6 General Discussion 

The three experiments in this chapter examined how people process unexpected adviser 

confidence in relation to external information. Two types of advice-taking context were 

investigated. One was when the external information was ambiguous, but the adviser 
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expressed high confidence. In this context, advisees are likely to increase their confidence 

when an adviser agrees with their initial answer but lower their confidence when an 

adviser disagrees (H1). The main focus of the current experiment was to examine advisee 

behaviour in the second context where the external evidence was unambiguous, but the 

adviser displays low confidence. It was hypothesised that advisees would decrease their 

confidence despite an adviser agreeing with their initial answer (H2). Advice was given 

either by a novice or an expert adviser, where the expert adviser would have a greater 

influence on advisees (H1 & H2). Additionally, the unexpected adviser confidence might 

provoke advisees to reevaluate their assessment of external evidence and revise their 

decision-making strategy (H3). Three experiments were carried out, where the task was 

to predict the winning team of a basketball game given four pieces of basketball statistics. 

 

In all three experiments, given ambiguous external information, advisees’ confidence 

increased under agreement and decreased when advice disagreed with their initial answer, 

supporting existing literature (e.g., Julian et al., 1968; McGarty et al., 1993; Schultze et 

al., 2015). It was expected that people would significantly underweight the novice’s 

advice as their high confidence would be taken as a sign of overconfidence and advisees 

tend to punish unwarranted high confidence (Rader et al., 2017; Sah et al., 2013; Tenney 

et al., 2008; Tenney et al., 2019; Van Zant, 2022; Vullioud et al., 2017). People did adhere 

less to the novice’s advice compared to the expert’s advice but still adopted the novice’s 

advice to a considerable degree. For example, participants’ confidence change in 

Experiment 6 was similar for expert and novice under agreement. A possible explanation 

is that people did not perceive the novice’s high confidence as ‘unwarranted’. A negative 

judgement of an adviser’s high confidence must be accompanied by low accuracy 

(Tenney et al., 2008). However, since the evidence is ambiguous and actual accuracy 
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information is unavailable, people might have believed that the novice’s high confidence 

stems from high accuracy. Alternatively, there are social aspects of advice-taking. For 

example, people believe that advice stems from one’s intention to help (Harvey & Fischer, 

1997) and there are expectations of reciprocity (Mahmoodi et al., 2018). Therefore, 

participants may have felt obliged to meet such social expectations by accepting advice. 

Furthermore, previous research has shown that advisees tend to somewhat accept advice 

(about 20% shift towards advice) even when advisers are inexperienced (Harvey & 

Fischer, 1997; Schultze et al., 2017). Schultze and colleagues (2017) argue that advice 

has an anchoring effect where advisees shift towards advice regardless of the perceived 

quality of advice.  

 

The main advice-taking context of interest was when the external information was 

unambiguous, but the adviser displayed low confidence. It is generally expected that 

people increase their confidence when another person agrees with their opinion (Julian et 

al., 1968; McGarty et al., 1993; Schultze et al., 2015; Soll et al., 2022). However, the 

current chapter demonstrated that when an advisee is overconfident compared to the 

adviser, the advisee would often decrease their confidence even when the adviser agrees 

with their initial answer. In Experiment 6, participants overall reduced their confidence 

following agreeing advice, where the decrease in confidence following expert advice was 

significantly below zero. In Experiments 7 and 8, participants did generally become more 

confident after advice, but participants still decreased their confidence when an adviser 

was substantially less confident than themselves. This less frequent reduction in 

confidence compared to Experiment 6 might be due to the difference in how confidence 

was expressed. In Experiment 7, the adviser used linguistic expressions which represents 

a range of numeric values. Therefore, participants might have perceived adviser’s 
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confidence as similar to their own confidence (i.e., advisees believed they were not 

overconfident). Thus, participants reduced their confidence less often and only when their 

overconfidence was apparent. In Experiment 8, participants reported their confidence 

using five linguistic expressions. Therefore, participants seldom changed their confidence 

and only did so when they felt a substantial change in confidence. Moreover, the decrease 

in confidence despite agreement in Experiment 7 and 8 is less likely to be driven by the 

possible desire to match one’s confidence to the advisers’ confidence (i.e., confidence 

matching) (Friedmann et al., 2024). Linguistic expressions represent a range of 

confidence and thus, participants are less likely to have believed that there was a precise 

“correct” confidence. Furthermore, as there was no exact numeric value to practice 

confidence matching, participants decrease in confidence are likely to reflect a genuine 

change in confidence.  

 

Although this finding appears to deviate from previous literature, there are several 

potential explanations. Research suggests that evidence that is surprising has a greater 

impact on decision making as it grabs people’s attention (Horstmann, 2015; Soltani & 

Izquierdo, 2019). The adviser’s low confidence was likely unexpected for advisees given 

that the decision evidence was unambiguous, which might lead them to place greater 

weight on adviser’s confidence and lower their confidence accordingly. The results could 

also be explained in terms of a more complex model of Bayesian updating. In a simple 

Bayesian model, agreement from an adviser would always lead to increase in confidence 

as it is evidence in favour of their initial judgement, and therefore increases probability 

of choice being correct. However, a more complex Bayesian model could suggest that 

people initially determine their Bayesian confidence according to the basketball statistics 

(i.e., input) (Bate, 2007; Meyniel et al., 2015). However, after receiving advice, people 
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may not simply perceive the adviser’s confidence as another piece of evidence to adjust 

their posterior belief about the correct decision but could also update their beliefs about 

the task (e.g., difficulty of the task) (Kyburg 1987; Nassar et al., 2010). For example, the 

surprisingly low adviser confidence not only suggest that advisees mispredicted the game 

outcome but also that they have misjudged the complexity of the task and how to interpret 

the four basketball statistics. Hence, advisees might feel less confident in their general 

ability to perform the task (i.e., predict the winning basketball team). The results could 

also be considered in the metacognitive perspective. People may first learn about the 

basketball statistics and have a grasp of the definition of the information (simple 

cognition). An unexpected adviser confidence leads people to question their definition, 

and thus, evaluate their metacognition of the task. This leads to decrease in their perceived 

ability to evaluate the evidence and confidence subsequently (Fleming & Daw, 2017). 

 

Additionally, how participants are using the four pieces of basketball statistics to 

determine the winning team was investigated. It was hypothesised that participants would 

use the advisers’ unexpected confidences to determine the predictiveness of the four 

basketball statistics (H3). As discussed above, unexpected adviser confidence would 

decrease participants’ confidence in their own decision and task performance. This would 

in turn lead participants to question their weighting of the four basketball statistics and 

encourage participants to learn the advisers’ weighting of the basketball statistics. Results 

supporting H3 would also provide additional support for the other hypotheses (H1 & H2), 

as this demonstrates that participants are not simply confidence matching but using 

unexpected adviser confidence to inform their decisions. For example, consider the case 

where the external evidence is ambiguous, but the adviser is highly confident that Home 

Team would win. In this case, the advisee can examine which basketball statistics favour 
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Home Team and can learn that the adviser places higher value in these basketball statistics. 

Advisers’ low confidence when external evidence is unambiguous also provides clues 

regarding the adviser’s decision-making strategy. The adviser would be less confident 

when indicative basketball statistics only narrowly differs between the Home and Away 

Team. Therefore, advisees could compare the magnitude of difference for each basketball 

statistics and deduce which basketball statistics are assigned greater weight by the adviser.  

In the current chapter, some evidence was found that people modified their decision-

making strategy over time to resemble the advisers’ strategy. Specifically, their weighting 

of the variables used less by the advisers decreased. The decrease in use of these variables 

was significant in Experiment 6 and 8 and numerically lower in Experiment 7. However, 

this was not supported in the meta-analysis which found that the overall effect size was 

not significantly different from zero. This was likely due to the high variability in the 

effect sizes. On the other hand, participants did not increase the use of variables prioritised 

by the advisers. In fact, the meta-analysis of effect-sizes found that participants decreased 

the use of ORB, which was a variable prioritised by the advisers. This limited adoption 

of advisers’ strategy may stem from two reasons. Firstly, advisees might have been unable 

to deduce the advisers’ ranking of the four basketball statistics. Past research suggest that 

people have difficulties interpreting quantitative data and inferring quantitative 

relationships between cues (Dawes & Corrigan, 1974; Dawes et al., 1989). This was also 

evident in participants’ limited ability to predict the advisers’ weighting of the four 

basketball statistics. Another possible explanation is that participants might have been 

reluctant to fully adopt the advisers’ strategy. Past research generally find that people 

place greater weight on their own opinion (Bailey et al., 2023; Soll & Larrick, 2009; 

Yaniv & Kleinberg, 2000). Thus, participants might have decided generally to maintain 

their own strategy.  
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However, the results still demonstrate some learning, which is surprising as participants 

were not prompted to learn the advisers’ decision-making strategy nor were they provided 

with feedback on accuracy. There are indeed pragmatic benefits of adopting an adviser’s 

strategy (i.e., adopt prior) especially when the advisee has limited knowledge (Kyburg, 

1987), which was the case in the current experiments (e.g., most participants reported 

having limited knowledge in basketball in Experiment 6). Additionally, researchers have 

found that providing probability information helps people better learn cue relationships 

(Little & Lewandowsky, 2009). Adviser confidence might have played a similar role in 

the current experiment and was considered as a type of feedback. Participants could have 

perceived the proximity of their confidence to the advisers’ confidence as how accurately 

they have assessed the predictiveness of the four basketball statistics. Furthermore, 

feedback is not always necessary for learning to occur as people are capable of learning 

by using their metacognition (Veenman et al., 2006). Adviser confidence is qualitatively 

different from objective feedback thus the cue learning effect is weak, but the effect was 

still present. This is an interesting area for future research, where the impact of varying 

feedback reliability on degree of cue learning could be investigated.  

 

3.5.1 Limitations 

In the experiments, the communication was one sided where participants only received 

advice and did not have a chance to interact with the adviser. Nor was the adviser aware 

of how much their advice was used. However, in real-life there is greater communication 

and intricate social aspects involved in advice-taking (Rader et al., 2017). For example, 

in the experiments, there were no stakes in rejecting advice whereas, in reality, advisers 

perceive advisees who reject their advice as less competent (Palmeira & Romero Lopez, 

2023), which reduces adviser’s future advice-giving intention (Belkin & Kong, 2018; 
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Blunden et al., 2019) and could sour the relationship (Rader et al., 2017). The current 

methodology was used as the purpose of the experiments was to examine how much 

advice people privately and willingly adopt but advice adoption might be greater in real-

life advice-taking contexts due to the social aspects at play. Similarly, advice was given 

in written form in the studies. There is no concern for this reducing advice adoption as 

written advice leads to high levels of advice adoption (Van Swol & Sniezek, 2005). Yet, 

written advice still qualitatively differs from face-to-face interaction which may contain 

greater information through non-verbal cues (Walther et al., 2005). This may help 

advisees better detect the predictive power of each of the basketball statistics. Lastly, in 

the studies, how to evaluate the evidence provided (i.e., basketball statistics) was apparent. 

Participants were clearly told that higher numbers are desirable. However, external 

information is often ambiguous in real-life and could be difficult to evaluate (as good or 

bad) and how the piece of information affects judgement could be unclear until post-

judgement. Therefore, it would be beneficial to conduct future research incorporating the 

complexity of real-life advice-taking.  

 

3.5.2 Conclusions 

The current research shows that adviser confidence has a unique impact on decision-

making. People do not simply treat advice as another piece of information but process it 

extensively. For instance, adviser confidence is used to make general assessments 

regarding the advice-taking context. In the current experiments, participants sometimes 

reduced their confidence despite agreement from the adviser, suggesting that people are 

using adviser confidence in two ways. First, to evaluate their immediate judgement such 

as if they guessed the winning basketball team correctly with appropriate level of 

confidence. The second is to assess if their evidence evaluation is correct and update their 
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prior assessment of the external information (i.e., basketball statistics). Hints of this 

behaviour were observed as people’s weighting of the four basketball statistics shifted to 

somewhat mirror the advisers’ decision-making strategy.  

 

Previous literature has suggested that people process adviser confidence in relation to a 

variety of factors. Yaniv and Kleinberger (2000) has suggested that one of the reasons for 

egocentric discounting (placing greater weight on one’s own opinion compared to advice) 

is due to the inaccessibility to the adviser’s reasoning. This in turn indicates that increased 

access to the adviser’s decision-making process would increase advice adoption (Van 

Swol, 2011). This suggests that people are not simply taking advice at face value but are 

trying to deduce or at least are curious about the adviser’s thoughts. Additionally, people 

seem to use adviser confidence to make other behavioural or dispositional judgements 

about the adviser. Vullioud and colleagues (2017) argue that unwarranted over-

confidence is punished harshly (compared to a competent adviser who is wrong) because 

advisees perceive high confidence as a sign of strong commitment to the advice. 

Furthermore, advisees stop trusting an adviser after discovering that their high confidence 

is miscalibrated with accuracy (Sah et al., 2013; Tenney et al., 2008; Tenney et al., 2019; 

Van Zant, 2022). This mistrust even extends to domains that is unrelated to the original 

advice-taking context (Vullioud et al., 2017). This suggests that people assume that an 

adviser has other negative traits when they are overly confident. In addition, people prefer 

advisers to express their confidence in relation to the advice-taking context. For instance, 

advisers who express some uncertainties are preferred when there is also uncertainty in 

the advice-taking context and the correct outcome is unclear (Gaertig & Simmons 2018; 

Gaertig & Simmons, 2023). Moreover, Soll & Larrick (2009) also propose that when 

given advice, people either abandon their own opinion and fully adopt advice or use an 
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averaging strategy. Which approach is taken is affected by how close the advice is to the 

advisee’s initial opinion (Soll & Larrick 2009; Soll & Mannes, 2011; Van Swol, 2011). 

This shows that people evaluate advice in relation to one’s own opinion. The current 

research adds to this line of work by exhibiting that people use adviser confidence to 

evaluate the adviser and the advice-taking context.   
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Chapter 4: Learning External 
Information Validity from Adviser 
Confidence 
 
 
4.1 Introduction 

The main objective of the experiments in Chapter 3 was to examine the effect of 

unexpected adviser confidence on advisee’s answers and their accompanying confidence. 

However, these experiments also provided preliminary evidence of overall change in 

participants’ decision-making strategy following advice. More specifically, participants 

exhibited signs of learning the validity of external information from advisers’ answer and 

confidence. Therefore, the experiments in the current chapter investigated this effect of 

learning from adviser confidence further.  

 

There are different methods to evaluate if one’s decision-making strategy is optimal. One 

method is to learn retrospectively based on the outcome of the decision. For example, in 

reinforcement learning, feedback on accuracy is provided which helps people learn about 

the environment (Sutton & Barto, 1998). Similar results are found in the cue learning 

literature. In cue learning tasks, participants are generally given multiple cues and are 

asked to guess the outcome where performance feedback is provided after each decision. 

After repeated trials, people can learn the relationship between cues and outcomes (Droll 

et al., 2009; Lagnado et al., 2006).  

 

However, feedback on accuracy may be ambiguous or not always available in real-life. 

Nevertheless, feedback may not always be necessary for learning to occur. For example, 

researchers have found that reinforcement learning can still occur in the absence of 
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feedback (McKee & Westhe, 1978; Karni & Sagi, 1991). The importance of feedback is 

less clear in multiple cue learning. Some researchers find that providing full feedback 

(i.e., feedback on all decisions) results in the best learning (Droll et al., 2009). However, 

studies that have provided sparse or conditional feedback (e.g., feedback only when 

correct) found that people are still able to learn cue validity (De Klerk, 1972; Hendrix & 

Dudycha, 2015). Additionally, Stewart and colleagues (2011) suggest that full feedback 

leads to the fastest learning but the difference with incomplete feedback attenuates after 

repeated trials. These findings demonstrate that feedback on accuracy is not essential to 

learn cue relationships.  

 

One thing people could use instead of accuracy feedback is confidence of others. If 

someone displays strong confidence about their decision, others will assume that their 

decision would yield a positive outcome. This is a plausible assumption as confidence 

represents the expectation of the extent to which a decision, opinion, or recommendation 

is correct (Klayman at al., 1999). Furthermore, confidence could be informative due to is 

link to various factors and behaviours. For example, people use their own confidence to 

assess the competence of others (Pescetelli & Yeung, 2021). Confidence also relates to 

one’s decision to seek further information (Desender et al., 2018; Locander & Hermann, 

1979) and advice (Pescetelli et al., 2021). Furthermore, people use confidence to guide 

their behaviour such as which task to complete first (Aguilar-Lleyda et al., 2020). 

Additionally, people make diverse and complex inferences about adviser confidence. For 

example, people assume that high levels of confidence also indicate greater competence 

(i.e., confidence heuristic) (Price & Stone, 2004). Advisees also tend to view an adviser’s 

confidence as their degree of commitment to their answer (Vullioud et al., 2017). 

Moreover, confidence is strongly related to external information. One’s confidence is not 
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static, but changes dynamically based on the accumulated information (Desender et al., 

2021). Hence, people are likely to also evaluate adviser confidence in relation to the 

available information. For example, people perceive an adviser who deviates from 

external cues of quality (e.g., price) to have lower accuracy but greater expertise 

(Palmeira, 2020).  

 

These findings suggest that people not only use adviser confidence to assess the accuracy 

of advice but also make various inferences about the external environment. Therefore, 

advisees may also use adviser’s confidence to assess the accuracy of their own decision. 

This would facilitate learning of external information validity, similar to accuracy 

feedback in reinforcement learning and cue learning. Furthermore, researchers have 

found that providing probabilistic feedback with lower accuracy in lieu of unvarying 

accuracy feedback led to better learning of the overall relationship between cues (Little 

& Lewandowsky, 2009). Therefore, adviser confidence might be a more helpful tool to 

learn external information that is intertwined, compared to simple accuracy feedback. 

Indeed, experiments in Chapter 3 showed signs that people were changing their weighting 

of the external information to better resemble the adviser’s weighting after repeated 

advice-taking. This might be because people were able to learn the complex relationship 

between the basketball statistics and their validity from adviser confidence.  

 

In Chapter 3, this learning from adviser confidence might have occurred as the adviser 

confidence was informative. For adviser confidence to be useful for learning the external 

information, there must be some discrepancy between the external information and 

adviser confidence, similar to the test trials in Experiment 6-8. It would be difficult to 

assess the relationship between the external information and the outcome, if all external 
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information suggests the same outcome (e.g., all basketball statistics high for Home 

Team). For example, imagine that two basketball statistics are higher for Home Team and 

the remaining two are higher for the Away Team. If an adviser predicts that Home Team 

would win, advisees can infer that the adviser prioritises the first two pieces of 

information in their decision-making. Through similar repeated interaction, advisees 

would be able to deduce the advisers use of the external information and decision-making 

strategy. In Chapter 3, participants showed signs of undergoing this process during 

advice-taking. However, this was not the main objective of Chapter 3 and was not 

formally investigated. Therefore, in the current chapter, learning of external information 

validity from adviser confidence will be investigated further. Hence, the following 

hypothesis will be tested.   

 

H1: Advisees will be able to accurately assess the adviser’s use of the external 

information in predicting outcomes. 

 

Researchers have found that people often learn and adopt others’ behaviour. This 

tendency increases when people are unsure about their own decision (Lee & Dry, 2006; 

Morgan et al., 2015; Toelch et al., 2014). In uncertain situations, people disregard the 

information they have acquired and adopt social information, albeit cautiously (Toelch et 

al., 2014). Additionally, people are more likely to comply with social information when 

the external environment is complex where the decision-outcome is dependent on various 

intertwined factors (Rendell et al., 2010). This is conceivable as presence of a large 

number of potentially predictive factors would cloud the relationship between external 

information and outcome, which increases one’s decision uncertainty and subsequent bias 

towards adopting social information.  
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In fact, it is logical to adopt behaviours of others considering the various benefits. For 

instance, it reduces the time spent deciding and the risks that arises from trying different 

options (i.e., trial-and-error) (Izquierdo et al., 2018). Indeed, researchers have found that 

various animals’ likelihood to imitate another individual increased when there were high 

costs of obtaining the information themselves (Valone, 2007). Additionally, learning the 

strategies used by better performing others ensures improved decision-making (Izquierdo 

et al., 2018). Research on social learning suggest that each individual’s independent 

decision-making may be beneficial for the group but exploiting the strategies used by 

others lead to greater accuracy at an individual level (Lazer & Friedman, 2007; March, 

1991; Mason & Watts, 2012). Furthermore, it may even result in greater decision 

accuracy for groups to follow one individual when the individual has greater expertise 

compared to the rest of the group members. More specifically, when a group is 

performing an estimation task (e.g., guessing height of a mountain), converging towards 

the best performing individual leads to higher decision accuracy rather than taking the 

average of everyone’s answer (King et al., 2012).  

 

Adhering to social information is also more beneficial when there are numerous factors 

associated with the decision. For example, a study pitted different decision-making 

strategies in a multi-armed-bandit task with 100 arms with varying payoffs. Surprisingly, 

the strategy that relied on adopting others’ strategies was the most successful (Rendell et 

al., 2010). In this context, efforts to deduce the reward of each arm would be time 

consuming and costly. Instead, by observing others, it is possible to weed out the bad 

strategies and find the optimal strategy that maximises reward. In the real-world, there is 

an abundance of information which can be useful but also overwhelming to explore. The 

complexity and uncertainty of the environment would lead people to rely on other’s 
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decision-making strategy. In particular, learning from an expert would help people make 

better decisions and increase their accuracy than persisting with their own strategy. 

Therefore, the following hypotheses are proposed: 

 

H2: Advisees will adopt an adviser’s use of the cues after repeated interaction. 

H3: Adoption of the adviser’s use of the external information will lead to increased 

accuracy in decision-making.  

 

4.1.1 Research Outline 

The task from Chapter 3 was also used in the current chapter, where participants were 

given four basketball statistics and predicted the winning team. Identical to Experiment 

6-8, the validity of the four basketball statistics varied (refer to Experiment 6 for further 

details). The objective of this chapter was to investigate if participants could learn which 

statistics are the most predictive from adviser confidence and modify their weighting of 

the statistics accordingly. Although this was not the main objective, Experiments 6-8 

found preliminary evidence of learning from adviser confidence, where participants 

reduced weighting of less predictive cues (that were accordingly down weighted by an 

expert adviser). Therefore, the current experiments’ aim was to formally examine this 

learning process, with some methodological changes intended to enhance learning effects. 

More specifically, there was only one (expert) adviser, and the experiments were longer 

(96 trials instead of 48 trials). Additionally, there was a discrepancy between external 

information ambiguity and adviser confidence in all trials (e.g., external information 

ambiguous but adviser is highly confident or external evidence unambiguous, but adviser 

is uncertain). It was expected that these changes would make all trials informative and 

thus, greater opportunity to learn the adviser’s weighting of the basketball statistics. In 
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Experiment 9, all trials followed the judge-adviser-system (JAS), where participants first 

guessed the winning basketball team alone and then received advice. After, participants 

could update their answer. To preview the results, comparing the first and second half of 

the trials revealed no signs of change in participants’ weighting of the four basketball 

statistics in Experiment 9. Therefore, in Experiment 10, the methodology was modified 

to better resemble methods used in cue learning literature. In the first and last 24 trials, 

participants predicted the winning team without any advice. In contrast, the middle 48 

trials followed JAS. Additionally, the benefits of learning from the adviser were 

highlighted by providing the adviser’s and participant’s accuracy and there were 

incentives for accuracy. Despite the methodological changes, no signs of learning were 

observed in Experiment 10 either.  

 

4.2 Experiment 9 

The main goal of the experiment was to investigate if people are able to infer the validity 

of external information from adviser confidence. Literature in cue learning and my 

previous experiments (Experiments 6 – 8) suggest that learning can still occur from 

adviser confidence in the absence of objective feedback. Experiment 9 investigated 

whether repeated interaction with an adviser helps participants learn about the external 

information and their relevance in decision-making. More specifically, using the task 

from Chapter 3, participants viewed four basketball statistics and predicted the winning 

team. Participants first submitted their initial answer and then received advice. It was 

predicted that the advice provided will act as a proxy for accuracy feedback. This would 

help participants determine the informativeness of each basketball statistics. Participants 

weighting of the four basketball statistics in their initial decision was compared between 

the first and second half of the trials.  
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4.2.1 Methods 

Participants. A total of 30 (15 = Female, 15 = Male, Mage = 34.7, SDage = 7.2) participants 

were recruited through Prolific (https://www.prolific.com). Before commencing the 

experiment, all participants gave informed consent in accordance with the University of 

Oxford Central University Research Ethics Committee guidelines. Participants were 

compensated £9/hour based on the median duration of the experiment. 

 

Task. The task used in this experiment was similar to the task in Experiment 6-8 with 

small changes. Participants were asked to predict which team would win a basketball 

match (i.e., binary decision-making), once again based on four statistics provided for each 

team: Effective Field Goal (eFG%), Offensive Rebound (ORB%), Total Points Scored 

the Previous Month and Win Percentage This Month. The basketball statistics were 

explained in laymen’s terms, which was identical to the explanations given in Experiment 

6-8 (refer to Figure 3.1). Therefore, participants were not required to have prior 

knowledge in Basketball.  

 

The task followed the judge-adviser system (JAS) (Sniezek & Buckley, 1995). 

Participants first viewed the four basketball statistics alone and gave their initial answer. 

They were asked to indicate which team would win and their accompanying confidence 

level on a horizontal continuous scale ranging from 100% Home Team to 100% Away 

Team. The slider starting point was the mid-point (50%). Participants were required to 

move the slider and give their answer to proceed. After submitting their initial answer, an 

adviser appeared and gave their answer and confidence level. In Experiments 6-8, 

participants either viewed an expert or a novice adviser, but here only the expert adviser 

appeared and was called ‘James’ instead of ‘Expert’. While viewing the advice, 
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participants were asked to indicate which team would win and by how many points. This 

was another major difference from Experiments 6-8, which asked for participants’ 

confidence post-advice. Answers were once again collected on a horizontal scale, but the 

scale ranged from Home team wins by 50 points to Away team wins by 50 points. The 

slider starting point was once again the mid-point of the scale (0 points). An example of 

a trial is shown in Figure 4.1.  

 

This change to requesting score prediction post-advice was done in anticipation of 

running another experiment in which participants would receive objective information 

(i.e., the winning team) about the game result (rather than advice) after making their initial 

prediction. In this case, it would be illogical to request their predicted winning team (as 

winning team was known) and confidence again. Instead, predicted score difference was 

asked post-advice/feedback, which could be requested and compared across experiments 

using advice and objective feedback. This experiment was planned in order to compare 

learning following advice versus objective information. However, comparison between 

advice and feedback was not carried out because, as previously mentioned, no signs of 

learning from advice were observed.  
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Figure 4.1 Example trial of Experiment 9 (pre- and post-advice) 

  

 

The purpose of the experiment was to test if participants can learn the validity of the 

external information from adviser confidence. Therefore, basketball games that were 

informative were selected as stimuli for the trials, which resembles the test trials in 

Experiments 6-8. More specifically, there was a discrepancy between the external 

information ambiguity and adviser confidence. In some trials, the adviser displayed high 

confidence despite ambiguous external information (e.g., only two out of four basketball 
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statistics are higher for Home Team). In other trials, the external information was 

unambiguous (e.g., all measures higher for Home Team), but the adviser expressed 

uncertainty. Out of the originally collected 168 basketball game data, 96 games were 

newly selected as stimuli for Experiment 9. One key difference with Experiments 6-8 is 

that there were no filler trials where the adviser confidence matched the external 

information ambiguity (e.g., adviser displays low confidence when only two statistics are 

high for Home Team). 

 

Adviser. In standard cue learning experiments participants are often given feedback on 

accuracy (Lagnado et al., 2006). In the current experiment, this was replaced with advice 

and thus, it was essential that participants heeded to advice. Therefore, the adviser was 

described to have high levels of expertise to increase trust and reliance on advice. This 

description was identical to the description of an ‘Expert’ adviser in Experiments 6-8.  

Additionally, to make the adviser more realistic, the adviser was represented with a real-

life picture (used in Experiments 6-8) and was given a name (James). The picture was of 

a white male smiling with his mouth closed, which was taken from the Chicago Face 

Database (https://www.chicagofaces.org). The picture of the adviser and the description 

are shown in Figure 4.2.  

Figure 4.2 Description of the Adviser in Experiment 9 and 10 

 

The adviser’s answer and confidence were meaningfully calibrated based on the 

informativeness of the basketball statistics following the same methods as Chapter 3. 

https://www.chicagofaces.org/
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More specifically, a linear regression was carried out with the basketball statistics as the 

predictors and the game outcome (i.e., difference in score) as the dependent variable. The 

adviser’s predictions of the score were created from the obtained regression coefficients. 

This was then translated into the adviser’s confidence, where greater score difference led 

to greater confidence. A detailed account of the linear regression process is outlined in 

the Methods section of Experiment 6.  

 

Procedure. Participants first received instructions about the task and explanation about 

the four basketball statistics, then were given a practice question. Participants were 

required to move the slider and give an answer to proceed. After, an adviser gave their 

predicted winning team and confidence level. The slider appeared two seconds later than 

the rest of the information on the page to ensure that participants read the advice before 

answering. Once participants submitted their final answer, the game outcome was given, 

outlining the winning team and score difference.  

 

Next, participants completed a training block of 3 trials. In each trial, participants first 

submitted their initial answer then received advice. Once again, the slider appeared two 

seconds later. Upon submitting their final answer, the game outcome (i.e., winning team 

and score difference) was given. This was to help participants gauge their own 

performance and highlight the accuracy of the adviser. Prior to commencing the test trials, 

participants were once again given the explanation of the basketball statistics to help 

refresh their memory and informed that the game outcomes will no longer be provided.  

 

There were four test blocks where each block had 24 trials (i.e., 96 trials in total). In all 

trials, participants first viewed the team statistics alone and gave their predicted winning 
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team and confidence level using the slider. After submitting their initial answer, advice 

was provided on the next page where the slider appeared two seconds later. Participants 

then gave their final predicted winning team and score difference. Within each block there 

was one attention checking question, where participants were asked to move the slider to 

100% Home Team (far left). Participants were allowed a 10-point error and anything 

above 90% Home Team was recognised as correct. The experiment terminated for 

participants who failed this question. Participants were allowed to take breaks in between 

blocks and proceed at their own pace. During the block breaks, the explanation of the 

basketball statistics was once again provided as a reminder. 

 

Once participants completed all test blocks, they were asked to estimate which basketball 

statistics the adviser prioritised. Participants were asked to rank the statistics from used 

the most (= 1) to the least (= 4). Upon submition, participants were also asked to give a 

ranking of their own use of the basketball statistics. Participants’ ranking was collected 

following the same format as the adviser’s ranking. Next, the perceived competence of 

the adviser was collected using the same questionnaire as Experiments 6-8, which was 

extracted from Gaertig and Simmons (2018). The questionnaire comprised of seven 

questions and answers were collected on a 7-point Likert-scale (1 = Not at all, 7 = 

Extremely). The score for each question was averaged to create a final adviser competence 

score. Finally, participants gave their demographic information (age, gender). All 

participants were debriefed at the end of the experiment.  

 

Data Analysis  

The objective of Experiment 9 was to investigate if advisees can learn the validity of the 

external information from adviser confidence and modify their own weighting. 
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Participants’ learning was examined using three different approaches. First, whether 

participants could deduce an adviser’s use of the external information was investigated 

(H1). This was tested through participants’ estimated ranking of the adviser’s use of the 

four basketball statistics. Participants’ estimated ranking will be compared to the 

adviser’s actual ranking by calculating a Kendall’s rank correlation coefficient. The 

average correlation coefficient across participants will be compared to zero using a t-test 

to examine if participants’ estimation is superior to random guessing. In addition to the 

stated hypotheses, participants’ own ranking of the four basketball statistics and 

participants’ estimation of the adviser’s ranking will be compared. More specifically, 

another Kendall’s rank correlation coefficient will be calculated and tested against zero 

through a t-test. This was to examine if there are any overlap between the two ranking.   

 

The second approach to testing learning was to investigate if participants’ use of the four 

basketball statistics changes following repeated interaction with an adviser (H2). 

Therefore, the use of the four basketball statistics in the first half (i.e., first 48 trials) and 

the second half (i.e., final 48 trials) were compared. For each set of 48 trials, a linear 

regression was conducted with participants’ initial answer as the dependent variable. 

Participants’ answers were translated to a continuous scale ranging from 0 (= 100% home 

team) to 100 (=100% away team). The four basketball statistics were included as the 

predictors in the linear regression, where the linear regression was conducted separately 

per participant. Thus, two sets of beta values were derived for each participant – one set 

for the first half of the trials and another set for the second half of the trials. These beta 

values were compared through four paired t-tests (one for each basketball statistics). The 

linear regression focused on participants initial answer rather than post-advice answer. 

This was because the main interest of the experiment was to examine how participants 
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changed their own decision-making strategy (i.e., weighting of the four basketball 

statistics). Participants’ change in weighting would suggest learning from adviser 

confidence as no performance feedback was provided.  

 

The third test of learning was to compare participants’ initial answer accuracy in the first 

and second half of the trials (H3). This was to inspect if participants became more 

accurate as they learned about the adviser’s weighting of the four basketball statistics and 

shifted their own weighting. Brier score was calculated following the equation outlined 

below, where 𝑓& indicates the forecasted probability (ranges from 0 to 1) and 𝑜& represents 

the outcome (either 0 or 1). Brier score values range from 0 to 1, where 0 indicates perfect 

prediction of the outcome whereas 1 suggests wrongfully made prediction with full 

confidence. Brier score was used to measure participants’ accuracy instead of tallying 

correctly guessed winning team. This was because Brier score takes into account the 

accuracy of the probability (i.e., confidence) estimation. However, participants’ accuracy 

in binary game outcome prediction will also be reported for comparison.  

𝐵𝑟𝑖𝑒𝑟	𝑆𝑐𝑜𝑟𝑒 = 	
1
𝑁I(𝑓& −	𝑜&)'

(

&)*

 

The original plan of the experiment was to compare change in participants’ use of the 

basketball statistics following objective feedback, expert’s advice and novice’s advice. 

Therefore, adviser rating was collected to ensure that the competency rating was higher 

for the expert adviser (current experiment). However, because no change in the use of the 

four basketball statistics was observed in this experiment, the parallel experiment with a 

novice adviser was not conducted. Therefore, adviser rating (M = 4.06, SD = 1.12) was 

not analysed.  

 



 198 

4.2.2 Results 

Ranking Correlation. Participants were asked to estimate which basketball statistics were 

prioritised by the adviser by ranking them from used the most to the least. Additionally, 

participants reported their ranking of the basketball statistics. This was collected to 

examine if participants were capable of explicitly learning the adviser’s use of the four 

basketball statistics (H1).  

 

Estimated Adviser Ranking. In the experiment, the adviser prioritised the basketball 

statistics in the following order: Effective Field Goal (eFG%), Offensive Rebound 

(ORB%), Total Points Scored the Previous Month, Win Percentage This Month. This 

ranking was compared to the participants’ estimation. The average Kendall’s rank 

correlation coefficient across participants was not significantly different from zero (M = 

0.06, SD = 0.52), t < 1, p = 0.562, d = 0.11. Therefore, there was no evidence to suggest 

that participants were able to identify the basketball statistics prioritised by the adviser. 

Therefore, H1 was not supported. A Bayesian t-test was carried out to investigate 

evidence for the null hypothesis. There was substantial evidence for the null hypothesis 

(BF10 = 0.23, δ = 0.10, 95% CrI[-0.24, 0.43]). 

 

Participants’ and Adviser’s Ranking. Participants’ ranking of their own and estimated 

adviser’s use of the four basketball statistics was compared. A t-test showed that the 

Kendall’s ranking correlation coefficient was positive on average but not significantly 

different from zero (M = 0.19, SD = 0.54), t(29) = 1.90, p = .067, d = 0.35. Therefore, 

there was no overlap between participants’ report of their own and the estimated adviser’s 

ranking. 
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Use of the Basketball Statistics. The second approach to testing learning was to 

investigate how participants’ use of the four basketball statistics shifts after repeated 

interaction with the adviser. In order to test this, the beta coefficients in the first and 

second half of the trials were compared.  

 

A paired t-test comparing beta coefficient for Effective Field Goal (eFG%) in first half 

(Mfirst = 7.91, SDfirst = 5.21) and second half (Msecond = 8.25, SDsecond = 5.04) of the trials 

found no difference, t < 1, p = 0.624, d = 0.09. There was also no difference in the use of 

Offensive Rebound (ORB%) between the first (Mfirst = 3.47, SDfirst = 3.03) and second 

half (Msecond = 2.81, SDsecond = 3.01) of the trials, t(29) = 1.12, p = .271, d = 0.29. This was 

also the case for the beta values of Points Scored the Previous Month (Mfirst = 3.28, SDfirst 

= 2.98; Msecond = 3.53, SDsecond = 3.81), t < 1, p = 0.721, d = -0.07. The use of Win 

Percentage This Month reduced slightly but the difference was not significant (Mfirst = 

11.18, SDfirst = 5.00; Msecond = 10.29, SDsecond = 5.81), t(29) = 1.05, p = .305, d = 0.19. The 

results overall showed no significant difference in the use of the four basketball statistics 

between the first and second half of the trials and H2 was not confirmed. Four Bayesian 

t-tests were also conducted to investigate the evidence for no difference in beta values of 

the four basketball statistics. There was substantial evidence for no difference in EFG 

from first to second half of the trials (BF10 = 0.22, δ = -0.08, 95% CrI[-0.42, 0.25]). The 

evidence for no difference in ORB was anecdotal (BF10 = 0.34, δ = 0.19, 95% CrI[-0.15, 

0.53]). There was substantial evidence against the difference between Points Scored the 

Previous Month (BF10 = 0.21, δ = -0.06, 95% CrI[-0.40, 0.27]). This was also the case for 

Win Percentage This Month (BF10 = 0.32, δ = 0.17, 95% CrI[-0.17, 0.52]). 

 

 



 200 

Figure 4.3 Participants’ use of the four basketball statistics in first and second half of the 
trials in Experiment 9 

 
There were numerical differences in the use of the four basketball statistics but none of 

the differences were significant. One possibility is that participants learned after 24 trials, 

which was the case in Chapter 3. Therefore, the learning effects were not apparent when 

comparing first and second half of the trials. Therefore, beta coefficients were calculated 

for block 1 (first 24 trials) and block 2 (second 24 trials).  

 

Four paired t-test were conducted for each basketball statistics. Comparison of eFG% in 

block 1 (Mone = 8.08, SDone = 7.00) and block 2 (Mtwo = 8.11, SDtwo = 5.38) showed no 

difference, t < 1, p = 0.964, d = -0.04. No difference between the two blocks were found 

for ORB% (Mone = 3.71, SDone = 3.54; Mtwo = 3.27, SDtwo = 4.18), t < 1, p = 0.548, d = 

0.20, and Points Scored the Previous Month (Mone = 2.25, SDone = 4.21; Mtwo = 4.00, SDtwo 

= 4.04), t(29) = -1.73, p = .094, d = -0.07. The use of Win Percentage This Month also 

did not differ by block (Mone = 11.72, SDone = 4.98; Mtwo = 10.28, SDtwo = 6.35), t(29) = 

0
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1.71, p = .098, d = 0.19. Therefore, there were no significant difference in the use of the 

four basketball statistics to suggest that participants were learning from adviser 

confidence. Once again four Bayesian t-tests were also conducted to investigate the 

evidence for no difference in beta values of the four basketball statistics. There was 

substantial evidence for no difference in eFG (BF10 = 0.19, δ = -0.006, 95% CrI[-0.34, 

0.34]) and ORB (BF10 = 0.23, δ = 0.10, 95% CrI[-0.23, 0.44]) between block 1 and 2. The 

evidence for no difference in Points Scored the Previous Month (BF10 = 0.73, δ = -0.28, 

95% CrI[-0.64, 0.06]) and Win Percentage This Month (BF10 = 0.32, δ = 0.17, 95% CrI[-

0.17, 0.52]) was anecdotal.  

 

In addition to comparing at block level, a linear regression was conducted per participant 

with participants’ initial confidence as the dependent variable and the interaction between 

the four basketball statistics and trial order as the independent variables. The beta values 

of each interaction term were compared to zero using t-tests, which yielded no significant 

results (all p > 0.05). This demonstrates that participants’ use of the four basketball 

statistics did not change as the trials passed.  
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Figure 4.4 Participants’ use of the four basketball statistics in block 1 and block 2 in 
Experiment 9 

 

Accuracy. Participants’ accuracy in the first half (48) and second half (48) of the trials 

were compared. As visible in Figure 4.5, there was no difference in participants’ Brier 

score between the first half (Mfirst = 0.17, SDfirst = 0.02) and the second half (Msecond = 0.17, 

SDsecond = 0.02) of the trials, t < 1, p = 0.499, d = 0.15.  In order to better understand the 

lack of significant results, a Bayesian t-test was conducted to examine the evidence for 

the null hypothesis. There was substantial evidence for no difference in Brier score from 

first to second half of the trials (BF10 = 0.26, δ = 0.13, 95% CrI [-0.21, 0.48]). 

 

In addition to the Brier score, participants’ binary accuracy in predicting the winning team 

was also calculated. Participants’ initial accuracy from first half (Mfirst = 0.77, SDfirst = 

0.05) and the second half (Msecond = 0.77, SDsecond = 0.05) of the trials did not differ 

significantly, t < 1 p = 0.763, d = -0.06. Bayesian t-test was once again conducted, which 
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found substantial evidence for no difference in accuracy from first to second half of the 

trials (BF10 = 0.20, δ = -0.06, 95% CrI[-0.40, 0.28]). 

Figure 4.5 Participants’ Brier score in first and second half of the trials 

 
 
Participants’ accuracy before and after advice was compared to examine if participants 

became more accurate following advice. Participants’ initial (Minitial = 0.17, SDinitial = 0.02) 

and final (Mfinal = 0.18, SDfinal = 0.02) Brier score did not significantly differ t(29) = -1.72, 

p = .097, d = -0.31. This was also the case regarding participants’ binary accuracy (Mfirst 

= 0.77, SDfirst = 0.04; Mfinal = 0.76, SDfinal = 0.03), t(29) = 1.28, p = .212, d = 0.23. This 

limited change in accuracy might be because participants initial accuracy was similar to 

adviser’s accuracy (M = 0.75). 

 

Advice Adoption. The analyses found no evidence that participants were learning about 

the validity of the four basketball statistics from adviser confidence. This was puzzling 

as Chapter 3 found some evidence that participants changed their weighting of the four 
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basketball statistics after repeated interaction with the adviser. Therefore, further analyses 

were conducted to ensure that participants were adhering to advice. The adviser influence 

measure (MΔconfidence for agreement - MΔconfidence for disagreement) from pervious 

chapters could not be calculated since participants’ confidence was collected pre-advice 

and score difference predictions were recorded post-advice. Hence, to measure sensitivity 

to advice, how frequently participants changed their winning team prediction after 

agreeing and disagreeing advice was calculated. It was expected that participants would 

change their predicted winning team more often when an adviser disagrees. Another 

possible measure of advice adoption was participants’ predicted score difference, which 

was also compared for trials when the adviser agreed versus disagreed with participants’ 

initial answer. If participants were adopting advice, predicted score difference would be 

smaller after disagreeing advice compared to agreeing advice. Lastly, participants’ 

accuracy pre- and post-advice was examined, as participants’ accuracy would increase 

after adopting advice.  

 

Prediction Change. On average, the participants’ initial answer and advice agreed about 

the winning team 82% of the trials. There was a significant difference in the percentage 

of trials participants changed their answer between agreeing (Magree = 0.00, SDagree = 0.00) 

and disagreeing (Mdisagree = 0.42, SDdisagree = 0.36) trials, t(29) = -6.35, p < .001, d = -1.16. 

This demonstrates that participants in general rarely changed their answer but were more 

likely to do so when the adviser disagreed and thus, suggest sensitivity to advice.  

 

Score Prediction. Participants’ predicted score difference was compared for agreeing and 

disagreeing trials. There were only a few trials where participants changed their answer 

(less than 1% of the total trials). Therefore, these trials were excluded from the analysis. 
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The absolute predicted score difference was used in the analysis, where predicting Home 

Team would win by 15 points and predicting Away Team would win by 15 points were 

both recorded as 15. Participants predicted score difference in agreeing (Magree = 16.59, 

SDagree = 4.22) and disagreeing (Mdisagree = 9.03, SDdisagree = 3.55) trials significantly 

differed, t(29) = 10.98, p < .001, d = 2.00. This demonstrates that participants predicted 

score difference was lower when the adviser disagreed with their initial answer, which in 

turn indicates that participants were attentive to advice. 

 
4.2.3 Discussion 

The aim of the current experiment was to investigate if advisees are able to learn the 

validity of the external information from adviser confidence. Based on this notion, three 

hypotheses were proposed. First, it was predicted that advisees would be able to deduce 

the adviser’s weighting of the four basketball statistics (H1). However, the experiment 

showed no evidence in support of this hypothesis. Participants estimated the adviser’s 

weighting of the four basketball statistics, which was compared to the adviser’s actual 

weighting by calculating a Kendall’s rank correlation coefficient. The coefficient was 

close to zero indicating that participants’ estimation did not resemble the adviser’s actual 

ranking. Additionally, participants were asked to state their own ranking of the four 

basketball statistics. Participants’ own weighting and participants’ estimated adviser’s 

weighting showed no significant correlation. Second, it was hypothesised that participants 

would change their own weighting of the basketball statistics after repeated interaction 

with the adviser (H2). There were some numerical changes in the participants weighting 

of each basketball statistics, but these differences were not significant and nor were they 

consistently in the direction that would be expected if they were learning their adviser’s 

strategy. Lastly, participants accuracy was expected to increase following repeated 

interaction with the adviser (H3). The results showed no support for the hypothesis.  



 206 

The lack of evidence suggesting that advisees learn from adviser confidence in 

Experiment 9 was surprising. This deviated from Experiments 6-8 findings, which 

showed signs of participants inferring the adviser’s decision-making strategy and 

changing their own weighting of the four basketball statistics to resemble the adviser’s 

strategy. For example, participants had difficulties deducing the adviser’s ranking of the 

four basketball statistics (as evident from the low Kendall’s rank correlation coefficient). 

In Chapter 3, the Kendall’s rank correlation coefficients were small but positive (e.g., 

0.26 in Experiment 6). Additionally, weighting of a couple basketball statistics decreased 

significantly in some (e.g., Experiment 6, Experiment 8) experiments. These patterns 

were observed despite the shorter interaction (48 trials) in Experiments 6-8 compared to 

the current experiment. Furthermore, it was also unanticipated that participants’ estimated 

adviser ranking, and participants’ own ranking did not correlate. It was expected that there 

would be some similarities between participants’ own ranking and adviser’s ranking. This 

lack of learning was not because participants were ignoring advice, as participants were 

changing their predicted winning team more often and anticipated smaller score 

difference when the adviser disagreed with their answer.  

 

The methodological differences between Experiment 9 and Experiments 6-8 might 

provide clues for the surprising results in the current experiment. A first possibility is that 

participants might have felt fatigue due to the longer experimental duration and made less 

efforts to infer the adviser’s decision-making strategy. However, this explanation is 

unlikely as no difference in the use of the basketball statistics were found when block 1 

and 2 were compared, which corresponds to the comparison in Experiments 6-8. Another 

difference with Experiments 6-8, was that participants were asked to report their 

confidence during initial decision-making but predicted score difference post-advice. 
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This change may have prompted participants to focus on the basketball statistics to best 

predict the score rather than the relationship between adviser confidence and the 

basketball statistics. Additionally, participants might have found it difficult to process 

adviser confidence while their main focus was to predict the score difference. 

Furthermore, the basketball games selected for the current experiment may not have been 

sufficiently informative. As previously discussed, some discrepancy between the 

basketball statistics and adviser confidence is essential for participants to learn the 

validity of the basketball statistics. Basketball games were carefully selected but due to 

the number of trials in the current experiment, it was difficult to select all games with 

large discrepancies. For example, in Experiments 6-8, the advisers were highly confident 

despite ambiguous external evidence (M = 81%). The adviser in the current experiment 

was not as confident (M = 70%). This may have made it challenging for participants to 

interpret the adviser’s confidence in relation to the basketball statistics.  

 

The lack of findings in Experiment 9 might be due to these methodological variation from 

Experiments 6-8 but the exact reasons are unclear. No results were found to suggest that 

participants perceive adviser confidence as a proxy for performance feedback where they 

could learn about the four basketball statistics. Therefore, Experiment 10 was conducted 

with methodological changes that better resembled cue learning studies, such as 

highlighting the benefits of attending to advice. Additionally, a new set of trials were 

selected that better depicts the relationship between adviser confidence and the basketball 

statistics.  
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4.3 Experiment 10 

In Experiment 9, there were no signs of participants learning from adviser confidence. 

This may be due to the methodological limitations, but the exact reason is unclear. 

Therefore, Experiment 10 was conducted with methodological changes that highlights 

the benefit of learning about the external information from adviser confidence. 

Additionally, participants did not view advice in all trials. More specifically, participants 

first predicted the winning basketball team alone with no advice in the first block, which 

measured participants’ baseline performance. In the second and third block, participants 

interacted with an adviser, giving them a chance to learn the validity of the basketball 

statistics. In the fourth block, participants once again predicted the game outcomes alone 

and performance in this block was compared to block 1. Furthermore, participants only 

interacted with the adviser for 48 trials to enable selection of the most informative trials. 

Additionally, participants in the top 20% performance were given incentives to motivate 

participants to pay greater attention to advice. This set-up was expected to provide 

sufficient time for participants to learn the basketball statistics while minimising fatigue. 

 
4.3.1 Methods 

Participants. Thirty participants (12 = Female, 18 = Male, Mage = 37.6, SDage = 11.21) 

were recruited through Prolific (http://prolific.com) for Experiment 10. In line with the 

University of Oxford Central University Research Ethics Committee guidelines, informed 

consent was obtained from all participants before engaging with the experiment. 

Participants were compensated £9/hour based on the median duration of the experiment. 

 

Task. The overall task remained largely similar to Experiment 9, where participants were 

asked to predict the winning team of a basketball game given four basketball statistics 

(Effective Field Goal (eFG%), Offensive Rebound (ORB%), Total Points Scored the 
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Previous Month, Win Percentage This Month). Participants were asked to give their 

predicted winning team and confidence level on a horizontal scale ranging from 100% 

Home Team to 100% Away Team, with the mid-point (50%) unselectable. Additionally, 

there were once again 96 trials split into four blocks. However, some changes were made 

to the instructions and trial set up to highlight the benefits of learning from adviser 

confidence. Firstly, there were two types of trials. In the first and last block of the 

experiment, participants answered the question alone (equivalent to pre-advice answer in 

Experiments 6-9). On the other hand, blocks two and three followed the same trial set up 

as Experiments 6-9 (i.e., judge-adviser system). Participants first submitted their initial 

answer alone and then received advice. While viewing the adviser, participants gave their 

final predicted winning team and confidence level. This change in experimental set up 

was to replicate methods used in cue learning studies, where participants performance is 

measured pre- and post- learning phase. Using two types of trials could accurately 

measure participants’ learning while reducing fatigue.  A second modification from 

Experiment 9 was reporting confidence post-advice (instead of score prediction). 

Participants in Experiment 9 might have found it difficult to process adviser confidence 

while their goal was to predict the score difference. Additionally collecting participants’ 

confidence pre- and post-advice could draw more attention to adviser’s confidence.  

 
Similar to Experiments 6-9, games where there was a discrepancy between external 

information ambiguity and adviser confidence were selected, as these trials highlights the 

relationship between adviser confidence and the four basketball statistics. The trials in 

Experiment 9 may not have been sufficiently informative. Therefore, new basketball 

games were selected from the originally collected 168 games, where there was a greater 

discrepancy between external information ambiguity and adviser confidence than 

Experiment 9. For example, in the current experiment, when the external information was 
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ambiguous the adviser was on average (M = 79) more confident than in Experiment 9 (M 

= 70). Another key difference was that participants were given accuracy feedback at the 

end of each block. The accuracy feedback was calculated as the percentage of trials where 

the winning team prediction was correct (i.e., accuracy in the binary prediction). In all 

blocks, participants received feedback regarding their own accuracy to help gauge their 

own performance. In blocks 2 and 3, participants received the adviser’s block accuracy 

as well. This was to emphasise that the adviser was highly accurate which would 

encourage advice adoption and learning. Indeed, the adviser was more accurate than 

participants in both block 2 (Madviser = 0.91; Mparticipant = 0.75) and block 3 (Madviser = 0.88; 

Mparticipant = 0.70). In addition, bonus was given to participants with the top 20% accuracy. 

The bonus was based on participants’ Brier score in blocks 1 and 4. More specifically, 

participants were instructed that their performance would be calculated based on their 

predicted winning team and its calibration to their confidence reports.  

 

There were additional small methodological changes in Experiment 10. In Experiments 

6-9, participants exhibited bias towards Total Points Scored the Previous Month and Win 

Percentage This Month. This was peculiar as eFG% and ORB% are more informative in 

predicting the game outcome as they are direct indicators of the game progress. Therefore, 

additional explanation about the statistics were added to ensure full comprehension of the 

basketball statistics. Participants were instructed that the eFG% and ORB% are specific 

to the game whereas Total Points Scored the Previous Month and Win Percentage This 

Month reflects each team’s general performance.  

 

Participants’ existing basketball knowledge was also collected because participants with 

high expertise are less likely to make efforts to deduce the adviser’s strategy. Additionally, 
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people who are basketball fans may have pre-existing conception of the most informative 

basketball statistics. Therefore, may resist adopting the adviser’s use of the four 

basketball statistics. Participants had varying levels of basketball knowledge (8 = None, 

9 = Poor, 9 = Decent, 4 = Good). However, this did not influence participants’ advice 

adoption. 

 

Adviser.  As in Experiment 9, the adviser was given a name (James) and was described 

as an expert. However, a different photo from the Chicago Face Database (CFD) 

(https://www.chicagofaces.org) was used to depict the adviser. The adviser was once 

again represented with a photo of a white male smiling with his mouth closed. A new 

adviser was selected as he was rated more trustworthy and attractive compared to the 

previous adviser according to the CFD data. The photo was changed to increase advice 

adherence as these characteristics have been found to increase advice adoption (Strong, 

1968). No other changes were made regarding the adviser. The adviser’s answer and 

confidence were created following the same method as Experiment 6-9, based on the 

linear regression carried out on the score difference with the four basketball statistics as 

the independent variables.  

 

Procedure. Participants were first instructed that they would predict the winning team of 

a basketball game and read explanations about the four basketball statistics. Instead of 

training blocks, participants were given two examples and some guidance on how to 

predict the winning team. In one example, all four basketball statistics were greater for 

the Home Team. Therefore, participants were informed that they could be confident that 

the Home Team would win. In the next example, two basketball statistics were higher for 

https://www.chicagofaces.org/
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the Home Team whereas the other two were higher for the Away Team. Participants were 

told that they should evaluate the information and use their best judgement in such cases.  

 

Before starting the test blocks, participants were instructed that there are four blocks, 

where in the first and last block, participants would answer the questions alone but receive 

advice in the second and third block. Additionally, participants were instructed that those 

with the top 20% accuracy, would receive a bonus, where the precision of their confidence 

would also be taken into account. Participants’ accuracy for the block was provided at the 

end of each block. After reading all the instruction at their own pace, participants started 

the first block. Upon completion of the block, participants were asked to rank the four 

basketball statistics from used the most to the least. On the next page, participants’ overall 

accuracy in the block was given as a percentage. Participants were given a chance to take 

a break and then proceed.   

 

In the second test block, participants were told that they would complete the next two 

blocks with the help of an adviser. Participants were then introduced to the adviser and 

given an example advice. The explanation about the four basketball statistics were once 

again provided. Upon completion of the second test block, participants were asked to rank 

the four basketball statistics from used the most to the least once for the adviser and then 

once again for themselves (i.e., reported two rankings in total). Participants were then 

provided with their block accuracy and the adviser’s block accuracy. Participants were 

once again given a chance to rest and were provided with the explanation of the four 

basketball statistics. The third test block was identical to the second test block.  
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Prior to starting the fourth block, the explanation of the four basketball statistics was once 

again provided. Participants were also reminded that the precision of their confidence 

would be reflected in the bonus calculation. Participants then completed the fourth block 

where the procedure was identical to the first block. Participants predicted the winning 

team alone and proceeded to the next question after submitting their answer. After 

completing the block, participants were again asked to rank the four basketball statistics 

from used the most to the least. Next, participant’s block accuracy was provided.  

 

After completing all four blocks, participants answered demographic questions, which 

were age, gender and basketball knowledge. Basketball knowledge was collected on a 

scale ranging from 1(= None) to 5 (= Expert). All participants were debriefed at the end 

of the experiment. The adviser’s competency rating was not collected for this experiment, 

but it was confirmed in previous experiments that the adviser was perceived to have high 

expertise.  

 

Data Analysis. It was hypothesised that participants would be able to deduce the adviser’s 

weighting of the four basketball statistics from adviser confidence (H1). Therefore, 

participants were asked to report their estimation of the adviser’s use of the four 

basketball statistics in blocks 2 and 3, for comparison with the adviser’s actual use. In 

order to test H1, Kendall’s rank correlation coefficient was calculated for each block. 

Each rank correlation coefficient was tested against zero to examine if participants could 

estimate the adviser’s ranking of the basketball statistics better than chance level. 

Participants were also asked to report their use of the four basketball statistics in all blocks. 

There were two reasons for this. In addition to the hypotheses, I wished to examine if 

there is an overlap between participants’ own ranking and participants’ estimated 
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adviser’s ranking of the four basketball statistics in blocks 2 and 3 by calculating a 

Kendall’s rank correlation coefficient. Lastly, participants’ own ranking in block 1 and 

block 4 was compared by analysing each basketball statistics average rank in block 1 and 

4. This was to investigate if there was a difference in participants’ report of their own 

weighting of the four basketball statistics between the two blocks.  

 

In Experiment 10, blocks 2 and 3 were designed to help participants learn the validity of 

the four basketball statistics (i.e., learning phase). Therefore, the main data analyses 

focused on blocks 1 and 4. To test H2, two linear regressions (one for block 1 and one for 

block 4) were conducted with participants’ confidence (ranging from 0 to 100) as the 

dependent variable and the difference in the four basketball statistics as the predictors. 

The linear regressions were conducted separately for each participant. From each linear 

regression, a set of beta values were derived. Thus, there were two sets of beta values – 

one from block 1 and another from block 4. The beta values were compared using the 

same method as Experiment 9, where four paired t-tests were conducted (one for each 

basketball statistics). Lastly, participants’ Brier score and accuracy in predicting the 

winning team were compared between blocks 1 and 4, using two paired t-test (one for 

each measure). This was to investigate if participants became more accurate after 

interacting with the adviser (H3).  

 

4.3.2 Results 

Ranking Correlation. Experiment 10 was conducted to examine if advisees can learn the 

predictiveness of external information from adviser confidence. It was hypothesised that 

participants would be able to deduce the adviser’s weighting of the four basketball 

statistics (H1). This hypothesis was to test participants’ explicit learning. In addition to 
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the hypothesis, participants also reported their ranking of the four basketball statistics 

after each block. Participants own ranking was compared to participants’ estimated 

adviser’s ranking in block 2 and 3. Participants’ own ranking in blocks 1 and 4 were also 

analysed.  

 

Estimated Adviser’s Ranking. Hypothesis 1 was tested by inspecting participants’ 

accuracy in estimating the adviser’s ranking of the four basketball statistics. A t-test 

comparing the Kendall’s rank correlation coefficient to zero found significant differences 

in both block 2 (Mtwo = 0.26, SDtwo = 0.53), t(29) = 2.60, p = .014, d = 0.48, and block 3 

(Mthree = 0.43, SDthree = 0.52), t(29) = 4.57, p < .001, d = 0.83. This suggests that 

participants were able to partially deduce the basketball statistics prioritised by the adviser. 

The difference between the two blocks were not significant, t(29) = -1.89, p = .070, d = -

0.34. However, there was a still a numerical increase in the Kendall’s rank correlation 

coefficient which hints that participants became slightly more accurate in estimating the 

adviser’s weighting of the four basketball statistics with greater interaction. Bayesian t-

tests also showed similar patterns. There was substantial evidence suggesting that the 

Kendall’s rank correlation coefficient in block 2 was different from zero (BF10 = 3.32, δ 

= 0.44, 95% CrI[0.08, 0.81]). There was also decisive evidence suggesting that Kendall’s 

rank correlation coefficient in block 3 was significantly different from zero (BF10 = 

307.43, δ = 0.78, 95% CrI[0.37, 1.19]). There was anecdotal evidence against the 

difference in rank correlation coefficient between the two blocks (BF10 = 0.93, δ = -0.31, 

95% CrI[-0.68, 0.04]).  

 

Participants’ and Estimated Adviser’s Ranking. The Kendall’s rank correlation was 

calculated between participants’ own and participants’ estimated adviser’s use of the four 
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basketball statistics. This was to test if there are any overlaps between the two rankings. 

The Kendall’s rank correlation coefficient in block 2 was significantly different from zero 

(Mtwo = 0.58, SDtwo = 0.44), t(29) = 7.24, p < .001, d = 1.32. This was also the case in 

block 3 (Mthree = 0.58, SDthree = 0.53), t(29) = 5.95, p < .001, d = 1.09. These results 

demonstrate that there was some overlap between participants’ reported own ranking and 

participants’ estimation of the adviser’s ranking. There was no significant difference 

between the two blocks, t < 1, p = 1, d = 0.  

 

Participants’ Stated Ranking. Participants’ own ranking of the four basketball statistics 

in block 1 and block 4 was compared to examine if participants changed their decision-

making strategy. Participants’ ranking for each basketball statistic was compared between 

block 1 and 4 through four paired t-tests (one for each statistic). Participants’ reported 

ranking of Effective Field Goal (eFG%) showed no significant difference between block 

1 (Mone = 2.33, SDone = 1.06) and block 4 (Mfour = 2.00, SDfour = 1.11), t(29) = 1.67, p 

= .106, d = 0.30. However, there was a numerical reduction, indicating that participants 

ranked eFG% higher (i.e., assigned greater weight) in block 4. Participants ranked 

Offensive Rebound (ORB%) significantly higher in block 4 (Mfour = 2.43, SDfour = 1.07) 

compared to block 1 (Mone = 2.93, SDone = 1.17), t(29) = 2.06, p = .049, d = 0.38. The 

ranking of Total Points Scored the Previous Month increased, indicating that participants 

reported using the statistic less but the difference was not significant (Mone = 2.40, SDone 

= 1.35; Mfour = 2.77, SDfour = 1.10), t(29) = -1.78, p = .086, d = -0.32. On the other hand, 

the ranking of Win Percentage This Month significantly increased from block 1 (Mone = 

2.33, SDone = 0.76) to block 4 (Mfour = 2.80, SDfour = 1.06), t(29) = -2.45, p = .020, d = -

0.45. These findings demonstrate that there were some changes in participants’ reported 

use of the four basketball statistics after interacting with the adviser. Additionally, 
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participants ranked the statistics prioritised by the adviser (eFG%, ORB%) higher, while 

lowering the ranks of the statistics used less (Total Points, Win Percentage) by the adviser. 

This suggests some explicit learning from adviser confidence.  

 

Use of Basketball Statistics. A second test of learning was to examine if participants’ 

weighting of the four basketball statistics changed from block 1 to block 4 (H2). In 

contrast to H1 which tested explicit learning, H2 tested if participants implicitly learned 

from adviser confidence and changed their behaviour accordingly. In order to test H2, a 

set of beta values were derived in block 1 and 4 from linear regressions assessing the 

relationship between participants confidence and the four basketball statistics. 

Participants’ use of the four basketball statistics was compared between block 1 and 4. 

Four separate paired t-tests were conducted to compare the beta values - once for each 

basketball statistics. The analysis of Effective Field Goal (eFG%) showed no significant 

difference between block 1 (Mone = 17.25, SDone = 13.89) and block 4 (Mfour = 16.51, SDfour 

= 12.04), t < 1, p = .741, d = 0.06. The analysis of Offensive Rebound (ORB%) also 

showed no significant difference between the two blocks (Mone = 7.56, SDone = 5.53; Mfour 

= 6.39, SDfour = 5.17), t(29) = -1.08, p = .288, d = 0.20. There was also no significant 

difference in the use of Total Points Scored the Previous Month (Mone = 6.77, SDone = 6.23; 

Mfour = 4.36, SDfour = 4.83), t(29) = -1.82, p = .079, d = 0.33, and Win Percentage This 

Month (Mone = 10.88, SDone = 7.89; Mfour = 8.63, SDfour = 6.12), t(29) = -1.68, p = .105, d 

= 0.31. Although the differences were not significant, participants’ use of all four 

basketball statistics numerically decreased (Figure 4.6).  

 

The minimal change in participants’ use of the four basketball statistics was puzzling. 

Therefore, Bayesian t-tests were conducted to better understand the results. There was 
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substantial evidence for no difference in EFG from first to second half of the trials (BF10 

= 0.20, δ = 0.05, 95% CrI[-0.29, 0.39]). The evidence for no difference in ORB was 

substantial (BF10 = 0.33, δ = 0.18, 95% CrI[-0.16, 0.52]). There was anecdotal evidence 

against the difference between Points Scored the Previous Month (BF10 = 0.83, δ = 0.30, 

95% CrI[-0.05, 0.66]). This was also the case for Win Percentage This Month (BF10 = 

0.68, δ = 0.28, 95% CrI[-0.07, 0.63]). 

 

Trial effect was investigated by running a linear regression per participant with 

participants’ initial confidence as the dependent variable and the interaction between the 

four basketball statistics and trial order as the independent variable. The beta values of 

each interaction term were compared against zero using t-tests (conducted four t-tests in 

total). The t-tests showed no difference from zero except for Win Percentage This Month 

(MWin = 4.36, SDWin = 4.83), t(29) = 2.20, p = .036, d = 0.40.  

Figure 4.6 Participants’ use of the four basketball statistics in block 1 and 4 in 
Experiment 10 
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Accuracy. It was also predicted that participants’ accuracy would increase as they learned 

about the four basketball statistics from adviser confidence (H3). Participants’ Brier score 

in block 1 and 4 was compared to assess if there was an improvement in participants’ 

accuracy-confidence calibration. There was no significant difference in participants’ 

Brier score between block 1 (Mone = 0.23, SDone = 0.05) and block 4 (Mfour = 0.22, SDfour 

= 0.05), t < 1, p = .577, d = 0.10. Therefore, no evidence was found to suggest that 

participants’ accuracy increased after repeated interaction with the adviser and there were 

individual variations in the Brier score trend (Figure 4.7). Therefore, H3 was not 

supported. A Bayesian t-test also found substantial evidence for the absence of difference 

in Brier score between the two blocks (BF10 = 0.23, δ = 0.09, 95% CrI[-0.24, 0.43]). 

 

Although the main measure of accuracy was the Brier score, participants’ binary (i.e., 

predicted winning team) accuracy was also examined. Participants’ accuracy in block 1 

(Mone = 0.68, SDone = 0.07) and block 4 (Mfour = 0.67, SDfour = 0.07) did not differ 

significantly, t < 1, p = .634, d = 0.09. Bayesian t-test also found substantial evidence to 

suggest no difference in accuracy between the two blocks (BF10 = 0.22, δ = 0.08, 95% 

CrI[-0.26, 0.42]). 

 

Additionally, participants’ accuracy pre- and post-advice in Blocks 2 and 3 were 

examined to investigate whether advice-taking increased accuracy. Participants’ initial 

(Minitial = 0.19, SDinitial = 0.05) and final (Mfinal = 0.15, SDfinal = 0.04) Brier score 

significantly differed t(29) = 5.77, p < .001, d = 1.05. Similar patterns were observed 

regarding participants’ binary accuracy score, where participants’ final accuracy score 
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(Mfinal = 0.81, SDfinal = 0.09) was significantly higher than participants’ initial (Minitial = 

0.73, SDinitial = 0.11) accuracy score, t(29) = -4.59, p < .001, d = -0.84. 

Figure 4.7 Participants’ Brier score in block 1 and 4 in Experiment 10 
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4.3.3 Discussion 

In Experiment 9, participants showed no signs of learning from adviser confidence. There 

were possible reasons for the lack of findings, such as the trial set up (e.g., score 

prediction post-advice) and the informativeness of the basketball games selected as 

stimuli. Therefore, Experiment 10 was conducted to address these methodological 

limitations while emphasising the benefits of adhering to advice (e.g., providing accuracy 

feedback and incentives for prediction accuracy).  

 

Participants explicit and implicit learning of the external information validity from 

adviser confidence was tested. In terms of explicit learning, it was predicted that 

participants would be able to deduce the adviser’s ranking of the four basketball statistics 

(H1). In Experiment 10, participants were better able to infer the adviser’s use of the four 

basketball statistics compared to Experiment 9. The Kendall’s ranking correlation 

coefficient was significantly greater than zero in both block 2 and 3. Additionally, 

although the difference was not significant, participants were numerically better able to 

estimate the adviser’s ranking in block 3. This suggests that although not perfectly, 

advisees can construe the adviser’s decision-making strategy from adviser’s decisions 

and associated confidence.  

 

Furthermore, there were some correlations between participants’ estimated adviser’s 

ranking and participants’ own ranking of the four basketball statistics. In addition, there 

was some change in participants’ reported use of the four basketball statistics from block 

1 to block 4. In particular, ranking of basketball statistics used most by the adviser either 

improved numerically (eFG%) or significantly (ORB%). On the other hand, participants 

reported using Total Points Scored the Previous Month (numerically) and Win Percentage 
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This Month (significantly) less in block 4 than block 1, which were prioritised less by the 

adviser.  

 

Although participants stated ranking of the four basketball statistics changed from block 

1 to block 4, this was not reflected in participants’ decision-making. Hypothesis 2 tested 

participants’ implicit learning of the external information by examining their use of the 

four basketball statistics from block 1 to 4. The analysis found no significant difference 

in the weighting of the statistics. The beta coefficient numerically decreased the most for 

Total Points Scored the Previous Month and Win Percentage This Month, which were 

used less by the adviser. It is possible that participants learned that these statistics were 

used less by the adviser and thus, placed less weight on these statistics in block 4. 

However, all beta coefficients numerically decreased, and advice is unlikely to have a 

played a role.  

 

One difference from Experiments 6-9 was that participants prioritised Effective Field 

Goal (eFG%) prior to advice-taking. This might be because in Experiment 10, it was 

specified that eFG% relates to the current game status, which led people to over rely on 

eFG% even before interacting with the adviser. Therefore, it was improbable that the use 

eFG% would increase further despite interaction with the adviser. However, surprisingly, 

participants’ use of Offensive Rebound (ORB%) remained low despite being guided that 

it is also about the current game. This also deviates from participants’ own reported 

ranking results as participants ranked ORB% higher in block 4 than in block 1. 

Additionally, it was hypothesised that participants would become more accurate as they 

learn the validity of the four basketball statistics (H3). Participants accuracy did not 
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improve in block 4 compared to block 1 (i.e., no change in Brier score nor binary 

accuracy).  

 

In sum, the experiment found weak signs of explicit learning. The ranking results together 

suggest that participants were able to somewhat learn the adviser’s ranking of the four 

basketball statistics, which slightly improved with repeated interaction. Furthermore, 

participants reported shifting their use of the four basketball statistics, which somewhat 

resembled the adviser’s true ranking. On the other hand, participants were only partially 

able to estimate the adviser’s ranking. Additionally, there were no signs of implicit 

learning from block 1 to 4, which was reflected in participants actual use of the four 

basketball statistics and their ability to predict the winning team. The lack of change in 

the use of the four basketball statistics is puzzling. Although, the effect was small in 

Experiment 6 and 8, there was still a shift. Furthermore, the effects were present even 

though the benefits of learning from adviser confidence were not emphasised. In the 

current experiment, the benefits of copying an adviser were clear (adviser was more 

accurate than participants). Additionally, the experimental set-up resembled cue learning 

studies where participants exhibited learning despite probabilistic feedback.  

 

The lack of significant findings compared to Experiments 6-8 might be due to some 

methodological differences. First, although the games in Experiment 10 were more 

informative than Experiment 9, the games selected for Experiment 10 might still not have 

been sufficiently informative compared to Experiments 6-8. For example, the adviser was 

on average more confident despite ambiguous external information in Experiment 10 (M 

= 79%) compared to Experiment 9 (M = 70%) but still less confident than Experiments 

6-8 (M = 81%). It is possible that learning from adviser confidence only occurs when 
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there is a large discrepancy between adviser confidence and external information 

ambiguity. Second possible explanation is that participants might have focused on finding 

the correct winning team and confidence rather than the relationship between the external 

information and adviser confidence. Participants were instructed that there is a bonus for 

accuracy-confidence calibration. Therefore, participants might have simply focused on 

how to maximise their trial decision accuracy-confidence calibration rather than 

improving in their general decision-making strategy.  

 

A more general possible explanation for the lack of findings is that advisees did not 

perceive advice as a proxy as accuracy feedback. In cue learning research, participants 

receive partial feedback but are aware that they will receiving objective feedback. In this 

experiment, participants may have viewed the adviser to have high levels of expertise but 

still inaccurate. Also, participants had difficulties deducing the adviser’s use of the four 

basketball statistics. Although there were improvements compared to Experiment 9, 

participants were still far from accurately guessing the adviser’s ranking (i.e., less than 

one). This difficulty in inferring the adviser’s decision-making strategy coupled with lack 

of trust in advice might have led participants to disregard adviser’s use and maintain their 

own use of the basketball statistics.  

 

4.4 General Discussion 

In this chapter, two experiments were conducted to investigate if advisees use adviser 

confidence to learn about the external information (e.g., validity of basketball statistics). 

In Chapter 3, there were signs of participants adjusting their weighting of the four 

basketball statistics to better resemble the advisers’ weighting after repeated interaction 

with the adviser. Therefore, Experiments 9-10, were designed to further investigate this 
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learning effect of adviser confidence with methodological changes to maximise learning 

(e.g., via longer interaction). Despite these methodological modifications, the 

experimental results found limited evidence that participants could learn the adviser’s use 

of the external information. In Experiment 9, there were no signs of explicit learning 

(estimating the adviser’s ranking of the four basketball statistics) nor implicit learning 

(participants change their use of the basketball statistics). One possible reason was that 

the basketball games selected for Experiment 9 were not sufficiently informative. 

Therefore, a new set of games were used in Experiment 10. This led to some 

improvements, where participants were better able to identify the adviser’s ranking of the 

basketball statistics which also ameliorated after repeated interaction with the adviser. In 

addition, participants reported changing their ranking of the basketball statistics from 

block 1 to 4, which partially resembled the adviser’s ranking. However, there were still 

no signs of implicit learning as participants actual weighting of the four basketball 

statistics from showed no significant difference pre- and post- advice-taking.  

 

The findings were unexpected considering previous research on cue learning. Previous 

literature has shown that people are capable of learning under various types of feedback 

such as partial or conditional feedback (e.g., feedback only when correct) (De Klerk, 1972; 

Hendrix & Dudycha, 1981; Stewart et al., 2012), and probabilistic feedback (Little & 

Lewandowsky, 2009). Moreover, providing probabilistic feedback helped people better 

learn the relationship amongst cues and even detect cue relationships that are irrelevant 

to the decision-making process (Little & Lewandowsky, 2009). The adviser’s answer and 

confidence are not a definitive form of feedback, but the adviser was mostly correct and 

thus, mimicking probabilistic feedback. Moreover, Chapter 3 results suggested that 

advisees infer the advisers’ decision-making strategy from adviser confidence and adjust 
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their own use of the external information. For example, in Experiment 6, there was a 

significant decrease in the use of the basketball statistics used less by the advisers. 

Therefore, it was expected that participants would be able to learn the validity of the 

basketball statistics in the current experiments.  

 

The lack of learning in this chapter could be explained by how advice was construed. For 

instance, participants may not have perceived advice as a proxy for feedback. In previous 

cue learning studies, participants were aware that the provided feedback was objectively 

accurate and did not have to question the authenticity of the feedback. Even under 

probabilistic feedback, participants were told in advance that the feedback is not always 

accurate and were given a range of accuracy participants should aim for. Thus, although 

the feedback was random, participants were aware of the degree of randomness which 

partially eliminates uncertainty. Researchers have found that not providing such 

information could make participants frustrated and sometimes abandon efforts to evaluate 

cue validity (Kruschke & Johansen, 1999). However, in the current experiments, 

participants were not provided with the adviser’s exact accuracy. The adviser’s general 

expertise was provided, which described him as mostly accurate, but this may not have 

been sufficient to eradicate all mistrust in the adviser. Therefore, participants might have 

perceived the adviser’s confidence as another source of uncertainty where they need to 

identify its connection to the basketball statistics (e.g., strength of correlation). The 

adviser’s accuracy information was not provided prior to the experiment to mimic real-

world advice-taking contexts. Advisees often do not have access to the precise accuracy 

of an adviser but simply their general level of expertise. Therefore, only the description 

of the adviser was provided in the experiments.  
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Additionally, previous research has found that people’s own confidence guides cue 

learning (Guggenmos et al., 2016). This suggests that how people interpret external 

information is also contingent on one’s own confidence, which also influences the 

processing of adviser confidence. Indeed, people generally prefer to access information 

that confirms their stance and underweight disproving evidence (Kaanders et al., 2022). 

Numerous studies have also found that advisees process advice in relation to their own 

answer and confidence. For example, people tend to ignore advice that is distant from 

their own answer (Newell et al., 2009) and perceive advisers who disagree with them as 

less competent (Pescetelli & Yeung, 2021). On the other hand, advisees become 

overconfident regardless of the objective accuracy of their answer when an adviser agrees 

with them (Soll et al., 2021). This pattern was observed even with multiple advisers. 

Advisees become more confident as long as one adviser agrees with them and ignore the 

second adviser who disagrees with them (Molleman et al., 2020). Therefore, participants 

may have processed adviser confidence in a similar manner in the current experiments. 

For example, in Experiment 9, participants rarely changed their initially predicted 

winning team (less than 1% of the trials) despite disagreement from the adviser. This 

underweighting of advice (i.e., egocentric discounting) may be elicited by different 

factors. One possible reason is that advisees have access to their own reasoning but are 

deprived of the adviser’s thought process (Yaniv & Kleinberger, 2000). In support of this, 

research found that increased access to the adviser’s reasoning reduced egocentric 

discounting (Van Swol, 2011). In the current experiments, participants might have had 

difficulties understanding why the adviser favoured one basketball statistic over another 

and decided to not adopt the adviser’s use of the four basketball statistics.   
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The above-mentioned studies provide hints as to why there was a lack of learning in 

Experiments 9-10 compared to previous literature. However, it is still unclear why some 

learning was observed in Experiments 6-8 but not in the current chapter. Methodological 

differences might partially explain the lack of findings. Firstly, there was only one adviser 

in Experiments 9-10 whereas there were two advisers in Experiments 6-8. The use of a 

novice and an expert adviser in Experiments 6-8 might have led participants to more 

carefully evaluate the adviser’s ability compared to Experiments 9-10. For instance, 

participants might have perceived the novice as a benchmark to compare the expert’s 

performance. Additionally, participants might have heeded to external information more 

in order to determine the advisers’ ability, which might have led participants to better 

detect the relationship between adviser confidence and external information. In contrast, 

as there was only one adviser in Experiments 9-10, participants might have not felt the 

need to evaluate the adviser and simply focused on the degree of advice adoption. A 

second difference might have been that the basketball games selected for Experiments 9-

10 were not as informative as games in Experiments 6-8. In Experiments 6-8, the 

discrepancy between external information ambiguity and adviser confidence was greater. 

For example, when the external information was ambiguous (e.g., only two statistics high 

for Home Team) the advisers were at least 77% confident with a mean confidence of 81%. 

In contrast, in Experiments 9-10, the adviser was on average 79% confident and their 

minimum confidence was 69%. Participants might have perceived adviser confidence as 

less surprising and spent less time and effort to understand unexpected adviser’s 

confidence. On a similar note, the lack of trials where there were no discrepancies 

between adviser confidence and external information ambiguity (i.e., filler trials) might 

also explain the difference in findings between Chapter 3 and 4. The inclusion of filler 

trials might have made trials where there were discrepancies (i.e., test trials) more 
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unexpected. This surprise may have encouraged participants to carefully examine these 

trials. The absence of filler trials in Experiments 9-10, might have led participants to 

believe that the adviser was inherently highly confident/uncertain despite 

ambiguous/unambiguous external information, and thus paid limited attention.  

 

The results from Chapter 3 and 4 taken together suggest that learning from adviser 

confidence only occurs under specific conditions and there is only a weak effect. One 

possible explanation of the results might be due to the individual difference in learning 

under limited feedback. For example, Herzog and Fahle (1997) found large individual 

variations in reinforcement learning with no feedback. Research in cue learning under 

limited feedback has also found individual variations (Guggenmos et al., 2016; 

Jozefowiez, 2021). In addition, people show wide disparity in susceptibility to social 

information (Toelch et al., 2014). For instance, some participants might have been 

unwilling to adopt the adviser’s decision-making strategy even before interreacting with 

the adviser. Second possible reason is that people generally struggle to learn complex 

relationships. More specifically, studies have found that people have difficulties learning 

non-linear cue relationships (Klayman, 1984). For example, Newell and colleagues (2009) 

suggest that people often perceive cues as additive (e.g., tally number of cues suggesting 

outcome A) and assume an independent linear relationship between each cue and criterion. 

However, cues may have multiplicative rather than simply additive relationships. This 

suggests that people generally prefer to use simple strategies in decision-making. 

Therefore, in the current experiments, participants might have tried to find the most 

informative basketball statistics rather than learning the relationship among the four 

basketball statistics. This may also explain why only the use of a couple of basketball 

statistics changed in Experiment 6 and 8. Participants might not have learned the adviser’s 
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full decision-making strategy but simply pursued to identify the most diagnostic 

basketball statistics and changed their weighting accordingly. This suggests that it may 

be possible for advisees to learn simple relationships between advice and a couple 

external information. This was not investigated in the current experiments as the purpose 

was to examine if learning from adviser confidence can occur in complex environments 

that closely resembles the real-world. Yet, understanding under which circumstances 

learning occurs from advice would be an interesting avenue for future research.  

 

Another possible reason for the lack of findings may be due to the individual’s pre-

conception of the task. In Experiment 10, some participants reported having some 

knowledge in basketball. This did not influence participants advice adoption but 

participants with greater knowledge may still be adamant in changing their decision-

making strategy. Even participants with no knowledge in basketball might have 

developed preferences for a certain basketball statistic during the experiment. Therefore, 

participants may have been biased about which basketball statistics are relevant for 

decision-making. This was evident from the overweighting of Win Percentage This 

Month in previous experiments. Thus, advice might not have been sufficient to change 

advisees’ existing perception regarding the validity of the basketball statistics. Indeed, 

research in cue learning also found that established cue validity is difficult to change 

through feedback (Murphy & Wisniewski, 1989). Another possibility is that advisees 

might not wish to adopt adviser’s decision-making strategy regardless of whether they 

could deduce the adviser’s strategy. Research in social information suggest that people 

do not simply copy others’ behaviour but modify and improve them (Derex et al., 2015). 

This tendency is unlikely to explain the results in Experiments 6-10, as there were overall 
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only small changes in the weighting of the basketball statistic. However, future research 

could explore if advisees simply adopt or modify adviser’s decision-making strategy.  

 

4.4.1 Conclusion 

Whether advisees could learn the validity of the external information from adviser 

confidence was tested in two experiments. It was predicted that adviser confidence would 

play a similar role as probabilistic feedback in cue learning and result in learning. 

However, no consistent signs of learning of external information were observed in the 

current experiments. There are few possible explanations for the lack of findings. In light 

of the methodological differences with Experiments 6-8, it is possible that learning only 

occurs under specific conditions. For example, when the relationship between external 

information and adviser confidence is distinct.  Additionally, previous literature suggests 

that people have difficulties learning complicated relationships (e.g., non-linear 

relationships between cues and outcomes). Learning about the external information from 

adviser confidence may only occur if the relationship between adviser confidence and 

external information is simple, which could be explored in future research.  
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Chapter 5: General Discussion 
 

5.1 Summary of Experiments 

The aim of this thesis was to examine if advisees flexibly interpret adviser confidence. 

Previous research has focused on the idea that adviser confidence is used as cue to their 

competence, as exemplified in the confidence heuristic (Price & Stone, 2004). The 

research in this thesis extended this idea to explore the inferences advisees make about 

the adviser and how advice is processed in relation to the advice-taking context. Prior to 

delving into the experiments, Chapter 1 first reviewed research in the advice-taking 

literature. Past research suggest that people generally seek advice to gain further 

information and improve their decision-accuracy. Despite this motive, people often 

overweight their own opinion and do not use advice to its full potential (i.e., egocentric 

discounting).  The degree of egocentric discounting is influenced by various factors, but 

in the experimental chapters, advisers’ expertise and confidence were further explored. 

In the case of adviser’s expertise, people naturally perceive greater expertise as a sign of 

higher competence and thus, increase advice adoption (Bonnacio & Dalal, 2010; Sniezek 

et al., 2004; Jungermann & Fischer, 2014). Similarly, advisers who express high levels 

of confidence are more influential (Sniezek & Buckley, 1995; Sniezek & Van Swol 2001; 

Van Swol, 2009; Van Swol & Sniezek, 2001; Wang et al., 2025; Yaniv 1997). As 

previously mentioned, this is because people assume that confident advisers have greater 

information and are more competent (i.e., confidence heuristic) (Price & Stone 2004; 

Thomas & McFadyen, 1995). However, adviser confidence and accuracy are not always 

well-calibrated, as people often overestimate their accuracy (Van Swol & Sniezek 2005; 

Sah et al., 2013, Klayman et al., 1999; Lichtenstein et al., 1982). In addition to 

assumptions about accuracy, people make other inferences about an adviser’s confidence, 
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such as their trustworthiness (Sniezek & Van Swol, 2001) and the level of commitment 

to their advice (Vullioud et al., 2017). These findings demonstrate that advisees process 

adviser confidence in a complex manner.  

 

Therefore, the experimental chapters explored how adviser confidence is processed in 

different contexts. Chapter 2 investigated how advisees construe the relationship between 

adviser’s linguistic expressions of confidence and different types of contextual 

uncertainty. In particular, two types of uncertainties (epistemic vs. aleatory) were 

investigated (Ülkümen et al., 2016). Epistemic uncertainty refers to uncertainties that 

could be resolved through acquisition of further information or knowledge. On the other 

hand, aleatory uncertainty arises due to the inherent randomness in the environment (e.g., 

dice roll). Ülkümen and colleagues (2016) found that people tend use confidence terms 

(e.g., certain, sure, confident) to describe epistemic uncertainty whereas likelihood terms 

(e.g., probability, chance, likelihood) are preferred to illustrate aleatory uncertainty. 

Whether people prefer advisers to use context appropriate linguistic expressions was 

examined in five experiments. The experiments adopted a mixed-design, where all 

participants received advice from two advisers—one of whom used confidence terms and 

another who used likelihood terms. One group of participants performed tasks that were 

designed to have high levels of epistemic uncertainty (e.g., historic dates, total area) while 

the other group engaged in a task with high levels of aleatory uncertainty (e.g., 

temperature prediction, coin-toss). Only one experiment found a robust difference in 

perceived adviser competence and adviser influence across and within the two of advice-

taking contexts (Experiment 2). There were numerical differences in the degree of advice 

adoption (Experiment 3) and perceived adviser competence (Experiment 4) within one 

task in the expected direction. However, Experiment 5, which used identical methods as 
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Experiment 2, failed to replicate the findings. Furthermore, in Experiment 2 the effect 

sizes were small to medium, and the effect sizes in Experiments 1 and 3-5 were close to 

zero (< 0.01). This suggest that increasing the number of participants is unlikely to find 

different results from the current findings. Therefore, the experimental findings taken all 

together suggest that people pay limited attention to which linguistic expressions are used 

in advice and are likely to only exhibit a small preference for advisers who use context 

appropriate linguistic expressions. Nonetheless, the experiments found that people 

consistently distinguish between epistemic and aleatory uncertainty. For example, the 

tasks with knowable answers (e.g., estimating historic dates, comparing total area) were 

perceived as having high levels of epistemic uncertainty but low levels of aleatory 

uncertainty. In contrast, the opposite trend in uncertainty rating was observed for tasks 

with random outcomes (e.g., stock price prediction, coin toss). Therefore, the 

experimental results provide support for Ülkümen and colleagues (2016)’s distinction of 

uncertainty and the general notion that there are different types of uncertainties (e.g., 

Kahneman & Tversky, 1982).  

 

Chapters 3 and 4 investigated how advisees process the mismatch between external 

information ambiguity and adviser confidence using a basketball game outcome 

prediction task. More specifically, the advisers either expressed high confidence despite 

ambiguous external information or displayed uncertainty despite indicative external 

information. The objective of Chapter 3 was to examine how advisees flexibly adapt their 

confidence in response to unexpected adviser confidence and the role of expertise. 

Experiment 6 found that when advisers express uncertainty despite unambiguous external 

evidence (i.e., unambiguous trials), advisees decreased their confidence in spite of advice 

that agreed with their initial answer. The meta-analysis of the effect size found a small 
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but significant effect adviser, type of adviser (expert vs. novice), the difference between 

advisee’s initial confidence and advisers’ confidence (i.e., confidence distance) and the 

interaction of these two variables. In Experiments 7-8, it was expected that participants’ 

change in confidence would be more difficult to detect due to the linguistic expressions 

of confidence, which was used either by the advisers or the advisees, and thus a larger 

number (N = 60 vs. N = 30 in Experiment 6) of participants were recruited. However, this 

may not have been sufficient considering the small effect size and future research could 

collect data from a larger sample to better detect the effects. Nevertheless, the findings of 

the experiments diverged from previous literature that generally finds that people become 

more confident in their opinion when others agree (Rader et al., 2017; Sah et al., 2013). 

Increase in confidence following agreeing advice is plausible according to a simple 

Bayesian model of decision-making as agreement is evidence that increases the 

probability of being correct (Bahrami et al., 2010). However, a more complex Bayesian 

model could suggest that advice is used to not only assess the accuracy of their immediate 

decision but also to update their prior belief about the task difficulty (Bate, 2007; Meyniel 

et al., 2015). In support of this notion, participants also updated their decision-making 

strategy, where participants became less reliant on two basketball statistics that were used 

less by the advisers. It is possible that participants deduced and adopted the adviser’s 

weighting of the basketball statistics from adviser confidence. These findings suggest that 

people evaluate adviser confidence in relation to the external information. However, an 

alternative explanation was that participants perceive the task as an estimation task, where 

there is a specific “correct” confidence value. Therefore, confidence change could have 

been driven by a motivation to match their confidence to the adviser’s confidence (i.e., 

confidence matching) rather than a reflection of genuine change in subjective confidence.   
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Hence, in two follow-up experiments, either the advisers (Experiment 7) or the 

participants (Experiment 8) used five linguistic expressions to convey their confidence. 

Linguistic expressions cover a range of confidence values and are open to interpretations 

(Hamm 1991; Harris & Corner, 2011). Therefore, participants are unlikely to perceive 

the task as an estimation task with correct point confidence value. In contrast to 

Experiment 6, in Experiment 7 and 8, participants generally tended to slightly increase 

their confidence following agreeing but uncertain advice when the external information 

was unambiguous. A possible explanation is that since linguistic expressions represent a 

range of confidence values, participants might have unnoticed when they were 

overconfident compared to the adviser and supposed that the advisers were expressing 

similar levels of confidence as themselves. Therefore, participants were more likely to 

increase their confidence following agreeing advice and only decrease their confidence 

when the advisers were considerably less confident. In addition, participants once again 

showed signs of learning from adviser confidence. Participants either numerically 

(Experiment 7) or significantly (Experiment 8) reduced their weighting of one basketball 

statistic that was less used by the advisers. Hence, experiments in this chapter 

demonstrated that advisees appraise adviser confidence in relation to the external 

information and flexibly use adviser confidence to adjust their immediate decision and 

general decision-making strategy. Additionally, in all experiments, participants were 

more sensitive to advice from an expert than a novice and perceived the expert as more 

competent. Thus, these findings consolidate the robust finding in advice taking that 

increased adviser expertise leads to greater advice adoption.    

 

In Chapter 3, there were some hints of participants shifting their weighting of the external 

information (basketball statistics), which resembled the advisers’ weighting. This pattern 
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was found despite the absence of performance feedback. Research in cue learning found 

that providing partial accuracy feedback is sufficient to instigate learning (De Klerk & 

Oppe, 1972; Hendrix & Dudycha, 2015; Stewart et al., 2012). Furthermore, providing 

probabilistic feedback facilitates learning of cue relationships (Little & Lewandowsky, 

2009). It is possible that in Experiments 6-8, participants perceived adviser confidence as 

a proxy for accuracy feedback which resulted in learning the informativeness of the 

basketball statistics. Therefore, the role of adviser confidence in learning the validity of 

external information was further examined in Chapter 4. Once again, the task was to 

predict basketball game outcome given four basketball statistics. However, there were 

some methodological changes to facilitate learning, such as increased number of trials, 

only interacting with one adviser, and monetary incentives for accuracy (Experiment 10). 

Despite these methodological improvements, there were only small and non-significant 

changes in participants’ use of the four basketball statistics. Although, in Experiment 10, 

participants’ weighting of all four basketball statistics numerically decreased, which hints 

that advisees might adjust their decision-making strategy following advice only under 

certain circumstances. Furthermore, participants were able to somewhat estimate which 

external information was prioritised by the adviser and this estimation became more 

accurate after repeated interaction (Experiment 10). In addition, although most analysis 

in Experiments 6-10 found no difference in the use of the four basketball statistics, some 

experiments found small to medium effect sizes for offensive rebound (ORB), points 

scored the previous month, and percentage of wins this month. This suggests that there 

were small shifts in participants’ use of these statistics in some cases. These puzzling and 

inconsistent findings could be further examined in future research using larger sample 

sizes. Overall, the results from Chapter 3 and 4 suggest that advisees may be able to learn 

from adviser confidence but only under specific conditions.  
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5.2 Implications 

5.2.1 Adviser Characteristics and Advice Adoption 

Numerous studies in advice-taking have found that greater adviser expertise and 

confidence leads to increased advice adoption. The findings in the current thesis also 

support this notion. Experiments 6-8 found that expert advisers were more influential than 

novice advisers. For example, participants changed their answer more often a when an 

expert (vs. novice) disagreed. Additionally, the magnitude of confidence change was 

greater with an expert (Chapter 3). This is in line with various research that showed that 

advisees prefer expert advisers and are more likely to adopt their advice (Bailey et al., 

2023; Bonnacio & Dalal, 2010; Sniezek et al., 2004; Jungermann & Fischer, 2014). 

Furthermore, post-advice satisfaction is also higher with experts than novices where 

people perceive an expert’s advice as more valuable (Meshi et al., 2012). Similar 

tendencies were observed in Experiments 6-8. Perceived adviser competence, which was 

measured at the end of the experiment, was higher for the expert. This suggests that 

participants post-advice evaluation of advisers was more positive for the expert. This 

preference for expert advisers is a robust finding in Judgment and Decision-Making (JDM) 

research and is likely to replicate in future studies as well as other disciplines. For 

example, research in financial advice-taking showed that adviser’s expertise influences 

perceived trustworthiness as well as future advice-seeking intention (Joiner et al., 2002). 

Preference for higher expertise also extends to lawyer and client (Elbers et al., 2012; 

Rosenthal, 1974) and adviser group and policymaker (Laage-Thomsen, 2022; Salacuse, 

2018) relationships.  

 

Furthermore, although measuring the effect of adviser confidence was not of main interest 

in the current thesis, the experiments showed that increased confidence led to greater 
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advice adoption. For instance, participants’ tendency to decrease confidence when an 

adviser disagrees but increase confidence following agreeing advice was intensified based 

on the magnitude of the adviser’s confidence. For instance, Experiments 6-8 showed that 

participants were attentive to adviser confidence, where participants often increased their 

confidence when an adviser was more confident than themselves but decreased their 

confidence when they were (highly) overconfident compared to the adviser. Furthermore, 

in addition to the analysis reported in Chapter 4, the correlation between adviser 

confidence and adviser influence (i.e., advice adoption) was positive (r = 0.42) following 

agreement while the correlation was negative under disagreement (r = -0.23). The 

findings support past research that has shown that advisees are more likely to adopt 

confidently given advice (Sniezek & Buckley, 1995; Sniezek & Van Swol 2001; Van 

Swol, 2009; Van Swol & Sniezek, 2001; Wang et al., 2025; Yaniv 1997). Furthermore, 

some studies have found that adviser confidence exerts greater influence on advisees than 

adviser accuracy or trust (Van Swol, 2005; Van Swol, 2009). 

 

The current thesis affirms the importance of the magnitude of adviser confidence on 

advice adoption but also found hints that how adviser confidence is expressed could 

impact advice-taking. For example, some experiments in Chapter 2 found hints that 

participants preferred an adviser who used context-appropriate linguistic expressions to 

convey their confidence (e.g., Experiment 2-4, although Experiment 2 results were not 

replicated in Experiment 5). Some research in advice-taking also find that the linguistic 

expressions used in advice has an impact on advice adoption. More specifically, assertive 

expressions generally lead to greater advice adoption (Manian & Sheth, 2021), but this 

preference is context dependent. For example, Kronrod and colleagues (2012) found that 

assertive messages are more persuasive when communicating prominent environmental 
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issues, whereas suggestive languages are more effective for unfamiliar issues. This 

importance of context-appropriate adviser language (assertive vs. suggestive) has also 

been documented in medical advice-adoption (Kronrod et al., 2025). Lastly, the current 

thesis extends the research on acceptance of uncertain advice. Although confident advice 

is generally preferred, some researchers find that advice accompanied with some levels 

of uncertainty are also perceived positively (Du et al., 2024; Gaertig & Simmons, 2018; 

Loschelder et al., 2016; Schultze & Loschelder, 2020). This is because advice 

accompanied by some uncertainty (e.g., wider confidence interval) is considered more 

accurate and informative (Du et al., 2011). In Chapter 2, one adviser used words 

associated with uncertainty (i.e., probability, chance, likelihood) (Du et al.,2024; Gaertig 

& Simmons, 2018; Yates et al., 1996). However, participants were not averse to and, in 

some experiments, preferred this adviser. Comparison between certain and uncertain 

advice was not a main objective in the current thesis, yet the finings still contribute to the 

growing literature on uncertain advice and the results could be a blueprint for future 

research.  

 

5.2.2 Processing advice in relation to external context 

The experimental chapters suggest that the advice-taking context influences advisees’ 

processing of advice and the accompanying confidence. It was predicted that advisees 

would flexibly interpret adviser confidence and make inferences about the adviser’s 

ability to assess the advice-taking context (Chapter 2) or their own decision-making 

(Chapter 3-4). The chapters together showed some evidence that the advice-taking 

contexts and adviser confidence are processed in conjunction. For example, participants 

showed some sensitivity the relationship between advisers’ linguistic expression and 

contextual uncertainty (Chapter 2) or agreeing advice and external information ambiguity 
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(Chapter 3). Additionally, advisees may learn about the external information from adviser 

confidence under some conditions (Chapter 3-4).   

 

Previous literature in advice-taking has demonstrated the importance of advice-taking 

context and external information. Researchers have observed significant change in 

advice-seeking and adoption depending on task difficulty. More specifically, increased 

task difficulty leads to greater advice-taking but people underweight advice as task 

difficulty decreases (Gino & Moore, 2006; Schrah et al., 2006). This positive correlation 

between advice-seeking and task difficulty is also found in other domains, such as 

medical decision-making (Kassirer et al., 2020) and firm management (Johnson et al., 

2007; Mole et al., 2016). These findings demonstrate that advisees evaluate the advice-

taking environment and adjust their advice adoption accordingly.  

 

However, despite the clear impact of advice-taking context on degree of advice adoption, 

research in the area has been limited to the level of task difficulty. Furthermore, most 

research in the area has examined advice-taking in isolation where advisees have no or 

limited access to the objective information (Palmeira, 2020). Hence, the current thesis 

attempted to extend this literature by investigating the type of uncertainty in the advice-

taking context (Chapter 2) and the interaction between external information and advice 

(Chapter 3-4). Only a small amount of research has examined the relationship between 

advice and the advice-taking context. For example, across seven studies, Palmeira (2020) 

investigated the perception of advisers who deviate from external information of quality 

(e.g., price, popularity). For example, wine critics ranked three different wines while 

either unaware or aware of the price. The wine critic’s ranking was either in line with the 

price (i.e., rank most expensive as best) or deviated from the price information (e.g., rank 
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second most expensive as best). The studies found that when the wine critics were 

unaware of the price, the critic whose ranking matched the price information was 

perceived to have higher expertise than a critic who’s ranking did not conflict with the 

price. On the other hand, when the price information was known, the ranking that varied 

from the price information was perceived more positively. This is because judgements 

that conflict with external information are viewed as less accurate but more independent 

and knowledgeable. Hence, advisees are less likely to seek further information and are 

more satisfied after receiving advice that deviates from the external information. However, 

advice that deviates extremely from the external information backfires (Palmeira, 2020). 

The findings demonstrate that people do not process adviser confidence in isolation but 

in relation to the external information. Some experiments in the current thesis also 

observed this tendency to process advice in relation to the advice-taking context. For 

example, perceived adviser competence and degree of advice adoption somewhat varied 

depending on the congruency between the advisers’ linguistic expression and the type of 

contextual uncertainty (i.e., epistemic vs. aleatory) (e.g., Experiment 2-4, but not 

replicated in Experiment 5) or the level of aleatory uncertainty in the advice-taking 

context (Experiments 4-5). In addition, advisees did not always become more confident 

under agreeing advice, but changed in confidence was dependent on the external 

information ambiguity (Experiments 6-8).  

 

Research in marketing also find that advisers who considers the advice-taking context are 

preferred and viewed as more competent. For example, people prefer advice that takes a 

more holistic approach by accounting for the relationship between different products. 

More specifically, advisers who give combinatory recommendations (e.g., bicycle and 

helmet) are perceived to have greater expertise than those who recommend single 
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products (D’Angelo & Valsesia, 2023; Zhang et al., 2024). The greater perception of 

expertise is not simply due to the increased number of advised products (i.e., 

recommended two products instead of one). More specifically, an adviser who 

demonstrated knowledge in equal number of products by suggesting substituting one 

product with another, was still perceived as less of an expert (D’Angelo & Valsesia, 2023). 

This higher perception of expertise was maintained even when the combinatory advice 

was less useful than a recommendation to substitute. Combinatory recommendations lead 

advisees to have a more positive attitude towards the product (Zhang et al., 2024) and 

become more confident in their decision, which subsequently increases purchase 

intention (Zhang et al., 2025). The preference for combinatory advice stems from the 

belief that these advisers have a greater depth (rather than breath) of knowledge and thus, 

advisees are also more likely to follow subsequent advice (D’Angelo & Valsesia, 2023). 

Advisees’ inclination to evaluate adviser competence from advice was also found in some 

experiments in the current thesis. For instance, there were some signs of advisees inferring 

adviser competence from advisers’ linguistic expression used in advice (Chapter 2). 

Furthermore, in Chapter 3, people were more likely to reduce their confidence when an 

expert (vs. a novice) agreed with their answer under ambiguous external information. 

This suggests that advisees process adviser competence and advice in conjunction. Indeed, 

Wang and colleagues (2025) found that advisees with greater expertise considered both 

the quality of advice and an adviser’s expertise when assessing the adviser. It is possible 

that participants in Chapter 3 perceived unconfident advice from an expert as a sign of 

their misjudgement of the external information but believed that uncertain advice from a 

novice was due the novice’s lack of competence.  Although the experiments in the current 

thesis yielded mixed results, they have also demonstrated that the advice-taking context 

bears the potential to affect advice-adoption.  
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5.2.3 Inferences people make about adviser confidence 

The current thesis found some evidence to suggest that advisees make inferences about 

adviser confidence. In Chapter 2, some experiments found small preferences for an 

adviser who uses context-appropriate linguistic expressions of confidence. This 

preference might be due to the assumption people make about the advisers’ expertise. As 

previously mentioned, Price and Stone (2004) compared perception of an overly 

confident versus a reasonably calibrated financial adviser. The researchers found that 

people favour the extremely confident financial advisers, based on assumptions that 

confident advisers are more knowledgeable and make more correct judgements (see also 

Thomas & McFadyen, 1995). This phenomenon was termed confidence heuristic and has 

been consistently found in numerous studies (Phillips 1999; Pulford et al., 2018; Sniezek 

& Buckley, 1995; Sniezek & Van Swol 2001; Van Swol, 2009; Van Swol, 2011; Van 

Swol & Sniezek, 2001; Wang et al., 2025; Yaniv 1997). Although other studies 

demonstrate that people distrust advisers whose confidence and accuracy are not well 

calibrated (i.e., overconfident) (Sah et al., 2013; Stanciu & Fiser, 2022; Tenney et al., 

2007; Tenney et al., 2008; Tenny & Spellman, 2011). The findings in Chapter 2 adds to 

the literature on confidence heuristic. In some experiments (Experiment 2, 4), participants 

perceived the adviser who used context appropriate linguistic expressions as more 

competent. Participants might have perceived the adviser who use context appropriate 

linguistic expression as more knowledgeable as their expressions demonstrate an 

understanding of the advice-taking context. This suggest that people make inferences 

about the adviser’s competence even from how confidence is expressed. However, further 

research in the area is needed considering Experiment 5, which followed the same 

methodology as Experiment 2, failed to replicate the findings.  
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Researchers also suggest that people make other inferences from adviser confidence. For 

example, confidence is perceived as the degree of adviser’s commitment to their answer 

(Vullioud et al., 2017). Additionally, advisees not only assume that confident advisers 

have higher expertise at the task level but also have greater general expertise (Sniezek & 

Van Swol, 2001). Advisees also infer the trustworthiness of an adviser from adviser 

confidence (Mayer et al.,1995). These findings show that people do not evaluate adviser 

confidence in isolation but make connections with other traits. Researchers have also 

demonstrated that people also appraise adviser confidence in relation to their own 

decision-making and make complex inferences. For instance, Pescetelli and Yeung (2021) 

found that advisee use the relationship between their own confidence, adviser’s 

confidence and, whether the adviser agrees with their answer to deduce the adviser’s 

accuracy and their calibration between accuracy and confidence. The results from Chapter 

3 extends findings from previous literature and suggest that people use adviser’s low 

confidence to evaluate one’s decision-making. Participants not only used lower adviser 

confidence to re-evaluate their decision accuracy within a single trial but also seemed to 

infer that their overall task difficulty evaluation was erroneous. In particular, participants 

exhibited signs of learning external information validity from low adviser confidence. 

Although, the results from Chapter 4 suggest that learning may only occur under specific 

conditions. In sum, the current thesis provides another clue that advisees use adviser 

confidence to make diverse inferences about the adviser and themselves.  

 

5.3 Limitations  

One limitation of the current thesis and the general judgement and decision-making 

research is that the experimental paradigm follows Judge-Adviser System (JAS) (Sniezek 

& Buckley, 1995). Use of JAS allows for careful experimental control and reduce 
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logistical issues (Bonnacio & Dalal, 2006; Bolger et al., 2023). Adopting JAS in the 

current thesis enable creation of precisely curated advice and to accurately measure 

advice adoption. However, this also raise questions about the generalisability of the 

results to real-world advice-taking. For example, one key limitation is that the 

communication between the adviser and advisee was one-sided, where only the adviser 

gave their opinion, and advisees did not have a chance to interact with the adviser. This 

type of interaction may resemble some advice-taking situations such as, reading online 

reviews but is far from advice-taking contexts where the advisee and the adviser can 

freely communicate. In general, advisees would be able to communicate (at least to some 

degree) with the adviser in the real-world, which may impact the quality of advice. For 

example, Nückles and colleagues (2005) found that when advisees informed the adviser 

about their level of knowledge, experts gave a more tailored and useful advice. 

Additionally, studies find that posts on online-forums with greater self-disclosure result 

in greater empathetic behaviour from other users and increase the information received 

(Lee et al., 2023; Lei et al., 2023; Pan et al., 2018; Zou et al., 2024). These findings 

demonstrate that advisers are responsive to the information divulged by the advisee and 

may change the content of their advice accordingly. For example, during basketball game 

outcome prediction (Chapter 3-4), the adviser might adjust the amount of reasoning they 

provide based on the advisee’s pre-existing knowledge. In the current experiments, the 

focus was the effect of adviser expertise and confidence thus the content of the advice 

was minimal. However, future research could examine the relationship between dynamic 

communication and evolution of advice content. For example, the perceived level of 

epistemic and aleatory uncertainty in the advice-taking context could be subjective and 

an adviser could ask for the advisee’s perception and tailor their advice accordingly.  
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Furthermore, all experiments in the current thesis were conducted online via Prolific 

(https://www.prolific.com/). Most research suggest that online and lab-based experiments 

yield similar results (Arechar et al., 2018; Buso et al., 2021; Reips 2001) and effect sizes 

(Sauter et al., 2022). This has been found across various tasks, such as False Belief tasks 

(Schidelko et al., 2021), mental comparison (Ollesch et al., 2006), Dictator Game, and 

cognitive refection (Prissé & Jorrat, 2022). However, online participants tend to pay less 

attention to tasks (Albert & Smilek, 2023; Clifford & Jerit, 2014; Hergueux & Jacquemet, 

2015) and complete tasks faster (Hergueux & Jacquemet, 2015). Furthermore, online 

participants have greater difficulty understanding task instructions as task complexity 

increases (Finley & Penningroth, 2015). For example, online participants were less 

accurate in a problem-solving task compared to in-lab participants (Dandurand et al., 

2008). These limitations of online experiments are likely to only have a small impact in 

the current experiments as participants on Prolific are generally attentive compared to 

other online samples (Albert & Smilek, 2023; Uittenhove et al., 2023) and the tasks were 

simple. On the other hand, although the simple task structure is advantageous in 

measuring the effects of the manipulated variable (e.g., confidence, expertise), field 

experiments may be better suited to examine complex advice-taking dynamics and 

examine various factors such as advice solicitation (Kämmer et al., 2023). The focus of 

the thesis was to examine advice adoption, and thus the current research paradigms were 

suitable. However, future research combining different research methods could provide a 

fuller picture of advice-taking.  

 

A related limitation of the current experiments is that participants were provided with 

advice and advice solicitation was not investigated. Previous research suggests that 

people are less likely to seek advice when they are highly confident (Carlebach & Yeung, 

https://www.cambridge.org/core/search?filters%5BauthorTerms%5D=Scott%20Clifford&eventCode=SE-AU
https://pubmed.ncbi.nlm.nih.gov/?term=%22Uittenhove%20K%22%5BAuthor%5D
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2023; Kramer, 2016; Pescetelli et al., 2021; Snijders et al., 2022; Soll & Larrick, 2009) 

and when decision stakes are low (Løhre & Halkjelsvik, 2024). Therefore, participants 

might have seldom sought advice in some tasks or trials when given the choice. For 

example, in the coin toss (aleatory) task in Experiments 4 and in Experiments 6-8 where 

external information was unambiguous, participants were generally confident and advice 

seeking might have been low. Indeed, adviser influence in the coin toss (aleatory) task 

was much lower compared to other tasks in Chapter 2. On the other hand, people are more 

likely to seek external input for knowledge-based tasks (e.g., political knowledge 

questions) (Clifford & Jerit, 2014). Therefore, advice solicitation might be high in 

epistemic tasks (e.g., historic dates) or for trials in Experiments 6-10 where the external 

information was ambiguous and subsequent participants’ confidence was low. In addition, 

there are large individual variations in advice-seeking (Pescetelli et al., 2021). This 

tendency may also be driven by internal factors (e.g., self-efficacy, shyness, mood), 

similar to factors that influence advice-adoption (as discussed in Chapter 1). In support 

of this, researchers have found that emotions, such as fear, (Ferrer et al., 2021) and clarity 

of one’s self-concept (Duan et al., 2020) influence advice-seeking. Although advice 

solicitation was not investigated in the current empirical chapters, it is undeniable that it 

is a significant aspect of advice-taking. Future research in JDM could further examine 

how individual differences impact advice-seeking.   

 

Another possible difference between the current experiments and real-life advice-taking 

is that advisees were aware that advice adoption was private. This was to accurately 

measure advisees’ internal change in perception or belief. However, advice-taking could 

occur in public settings and advisees may be susceptible to pressure to conform (e.g., due 

to social norm of reciprocal advice-taking) and comply (e.g., pressure from adviser to 
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accept advice). Seminal work on social conformity by Asch (1951) suggest that peoples’ 

private and public belief and behaviour could vary. Furthermore, people sacrifice 

accuracy in the presence of social pressure (Asch, 1951; Asch, 1956). In addition, advisers 

are generally sensitive to whether their advice was accepted and how helpful their advice 

was (Li et al., 2024). For instance, advisers react negatively to rejection of their advice, 

such as perceiving the advisee as less competent (Palmeira & Romero Lopez, 2023) or 

expressing lower intention to give advice in the future (Belkin & Kong, 2018; Blunden et 

al., 2019). These behaviour by an adviser would put implicit pressure on advisees to 

comply (Cialdini & Goldstein, 2004). Indeed, Sciandra (2024) found that advisees 

increase their advice adoption when it is made public. A pair of participants recommended 

to each other in which combination they should select five pieces of chocolate from two 

types (e.g., 1 Kit Kat and 4 Hershey bars; 3 Kit Kats and 2 Hershey bars). After, the pair 

were given a bowl of chocolates, and one member was asked to pick five pieces in the 

presence of their partner. On the other hand, the second member selected chocolates in 

private. The study found that the first member was significantly more likely to adopt their 

partners recommendation. This increased advice adoption was found in other contexts 

(e.g., historic dates, purchasing a blender) and also when post-advice decision was viewed 

by other advisees instead of the advisers. Greater advice adoption in public (vs. private) 

setting is likely to be driven by one’s desire to maintain a positive social relationship and 

self-image (Cialdini & Goldstein, 2004; Sciandra, 2024). In the context of the current 

experiments, advice adoption could be greater under public advice-taking. For instance, 

in Experiments 7-8, participants only decreased their confidence when they were 

considerably overconfident compared to the adviser. However, change in participants 

confidence would have been greater if advisers were to view advisees’ post-advice 

confidence. Additionally, participants might have decreased their advice more frequently 
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and even after novice’s advice. It is worth noting that increasing advice adoption would 

be beneficial in the current experiments as the advisers were generally accurate. However, 

this may not always be the case in real-life. For example, some financial advisers could 

help make more rational decisions and help increase one’s asset (Montmarquette & 

Viennot-Briot, 2015; Sunder et al., 2024), but some advisers perform no better than 

laymen (Linnainmaa et al., 2021) and could be deceptive (Egan et al., 2019). Public 

advice-taking could prompt advisees to blindly adhere to incompetent and malicious 

advisers which would decrease their decision accuracy. 

 

Furthermore, the adviser and advisee had no prior relationship, but this would not always 

be the case. For instance, in real-life, an adviser and an advisee may have prior 

relationships (e.g., friends, colleagues) and are likely to interact again in the future 

(Kämmer et al., 2023; Rader et al., 2017). In such cases, advice-giving tends to be a 

bidirectional process and the adviser may have access to whether their advice was 

implemented. As previously mentioned, research shows there is an element of reciprocity 

with advice-taking, where people are compelled to adopt advice from a person who 

accepted their advice (Mohamodi et al., 2018). Furthermore, there are higher stakes for 

ignoring advice when there are existing social relationships as advisers are more sensitive 

to advice rejected by friends compared to strangers (Zhang et al., 2022) and rejecting 

advice could deteriorate the whole relationship (Rader et al., 2017). Additionally, in 

organisations, other factors such as status and reputation may play a role (Kämmer et al., 

2023). For example, an adviser might be a superior and thus, have greater authority and 

power (Kämmer et al., 2023), which amplifies social compliance (Cialdini & Goldstein, 

2004). Advisers are also sensitive to the advisee’s status and are more disappointed when 

a high (vs. low) status individual dismisses their advice (Li et al., 2024).  However, 
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powerful individuals are reluctant to accept advice as they perceive advice as a threat to 

their autonomy and reputation (Liang & Xue, 2022; Paik, 2020; Tost et al., 2012; De Wit 

et al., 2017, See et al., 2011). The results of the current experiments might have varied if 

advice-taking occurred between pairs with existing relationship. The implicit social 

pressure to comply and greater adviser’s authority would have led participants to pay 

greater attention to advice. This in turn might have led participants to better detect the 

external information prioritised by the adviser in Chapter 4. Furthermore, participants 

would have been more likely to adopt the adviser’s use of the external information, and a 

greater learning effect could have been detected. On the other hand, the findings in 

Chapter 3 (i.e., decrease in confidence despite agreement under ambiguous external 

information and learning from adviser confidence) might have been weaker if advisees 

had higher status than the adviser.   

 

Lastly, the participants in the current experiments were recruited from the United 

Kingdom (U.K.) or the United States (U.S.) whose primary language was English. This 

was to ensure that all participants could fully understand the task (e.g., nuance of 

linguistic expressions in Experiments 1-5) and prevent cultural factors influencing advice 

adoption. However, the U.K. and U.S. has generally been categorised as individualistic 

cultures (Sun et al., 2004) and researchers suggest that the individualism-collectivism 

cultural dimension may influence advice-taking and advice-giving. For example, 

Schultze and Chen (2025) found that Chinese (collectivist culture) people were more 

likely to incorporate advice than Germans (individualists). Furthermore, advisees from 

collectivist cultures (Chinese) placed greater importance on adviser characteristic during 

advice-taking whereas people from individualist cultures (Americans) focused on advice 

content. Similarly, individualism and collectivism dimension also influence motivation 
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for advice-seeking, where European Canadians are driven to gain information or to solve 

problems whereas Chinese advisees place greater importance on enhancing relationships 

with advisers (Ji et al., 2017). This difference in behaviour may be driven by the different 

perception of advice where advice is considered as a friendly and helpful act in collectivist 

cultures but often perceived as an intrusion in individualist cultures (Hosni, 2020). On the 

other hand, people from collectivist cultures still practice egocentric discounting (i.e., 

place greater weight on own opinion) (Schultze & Chen, 2025) and some studies found 

no difference in degree of egocentric discounting by culture (Mercier et al., 2012). 

Moreover, Feng and colleagues (2016) suggest that individuals’ perception of advice (e.g., 

helping the distressed person regain confidence) is a stronger predictor of advice-giving 

behaviour than culture. Therefore, findings from previous literature suggest that the 

general pattern of the current experimental results are likely to be similar regardless of 

cultural background of the participants. However, participants from collectivist cultures 

might have been more sensitive to advice and adviser status. For example, a greater effect 

of adviser expertise might have been observed in Experiments 6-8.  

 

5.4 Future directions 

One possible future research direction is the relationship between adviser confidence and 

the advice-taking context. Research in judgement and decision-making (JDM) have 

largely been focused on understanding the degree of advice adoption in isolation 

(Bonnacio & Dalal, 2006). However, some past research has found contextual factors 

such as task difficulty (Schrah et al., 2006), whether advice was solicited or not (Paik, 

2020; Van Swol) and consistency with external cues of quality (Palmeira, 2020) to play 

a role. The current thesis found some evidence to suggest that advisees are sensitive to 

the relationship between contextual uncertainty and advisers’ linguistic expression 



 253 

(Chapter 2) or under which condition (external information is ambiguous vs. 

unambiguous) the adviser agrees with their answer (Chapter 3). Future studies could 

further explore the impact of contextual factors on other advice-taking behaviours. For 

example, it was found that increase in aleatory uncertainty leads to reduced advice-

adoption. Researchers could examine if this reduced advice-taking applies to all types of 

advice-seeking (e.g., exploratory vs. confirmatory).  

 

Further investigation into the advice-taking context would also help better understand 

under which conditions certain advice-taking behaviours are elicited. For instance, 

Chapter 3 found hints of learning the validity of external information from advisers’ 

confidence, but this learning was weakened following methodological changes in Chapter 

4. This suggest that learning from adviser confidence may only occur under specific 

conditions. For example, advisees may only process adviser confidence deliberately when 

they need to evaluate an adviser’s competence (as did in Chapter 3 to compare novice and 

expert advisers). Other factors such as the information provided (e.g., amount, quality) or 

the magnitude of discrepancy between external information ambiguity and advice. 

Further research would not only help clarify when learning from adviser confidence 

occurs but better identify the role of advice-taking context. Some past research findings 

suggest that advice-taking contexts could lead to different outcomes despite identical 

advice content. For example, Pescetelli and Yeung (2021) showed that advisees could 

learn an adviser’s confidence and accuracy calibration in the absence of external feedback, 

but this ability was reduced when the advisers and advisees shared the same judgement 

biases (e.g., same information source). Additionally, investors are more trusting of robo-

financial advisers due to low risk of fraud or conflict of interest. However, this trust 

decreases when the market is volatile due the difficulty accessing the robo-adviser’s 
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decision-making process (Tan, 2020). This demonstrates that advice evaluation and 

perception is influenced by the advice-taking context. Research that varies the advice-

taking context could help better pinpoint which factors elicit different strategies of advice 

processing. This could also help advisers to effectively communicate information in 

relation to the advice-taking context. 

 

Another potential line of research is advice-taking between pairs with pre-existing social 

relationships under dynamic communication. This was a limitation in the current thesis 

and more widely, the general advice-taking literature (Bonnacio & Dalal, 2006; Kämmer 

et al., 2023). As previously discussed, in real-life advice-taking, advisees and advisers 

can generally interact freely and prior social relationships may impact advice-taking. For 

instance, advice adoption in the current experiments might have been greater if social 

factors played a role, which could have facilitated detection of the experimental effects. 

For example, the preference for context matching linguistic expressions of confidence 

might have been more apparent (Chapter 1). Another difference might be that greater 

communication between adviser and advisee could reduce the need for advisees to deduce 

the adviser’s decision-making strategy (Chapter 3) and the experimental focus would shift 

to whether advisees are willing to fully adopt an adviser’s decision-making strategy or 

only partially adopt. In the current thesis, understanding the informational aspect of 

advice was of interest rather than the social aspect. However, it is undeniable that the 

social aspect plays a critical role in advice-taking. Therefore, future studies investigating 

the interaction between the informational and social features of advice would lead to 

deeper understanding of advice-taking in real-life. For example, a rising research method 

in judgement and decision-making is comparing advisee’s reaction to advice from 

humans versus Artificial Intelligence (AI) (e.g., Jin et al., 2025; Osborne & Bailey, 2025; 
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Vodrahalli et al., 2022). Assuming the content of advice is identical, the difference in 

advice-adoption between the two agents could be attributed to the social aspects (e.g., 

reciprocity) of advice-taking. Extending this research method, chatbots could also be used 

to research dynamic interactions. Chatbots may be perceived similar to an expert in terms 

of competence but how advisees respond may deviate from traditional advice-taking.  

 

5.5 Conclusion 

The current thesis aimed to better understand how adviser confidence is processed in 

relation to the advice-taking context and possible inferences advisees make about adviser 

confidence. The experimental findings suggest that the advice-taking context influences 

general advice-taking behaviour (e.g., degree of advice-adoption, decrease in confidence 

despite agreement). Furthermore, adviser confidence may be used to infer adviser 

characteristic (e.g., competence) and features of the advice-taking context (e.g., task 

difficulty, validity of external information). However, the findings were inconsistent 

suggesting that these behaviours may only be elicited under specific conditions. 

Nonetheless, the experimental results demonstrate that there are multiple facets of 

adviser’s confidence and an adviser’s confidence is not processed in isolation. Future 

research could further investigate the specific features of the advice-taking context that 

are linked to adviser confidence to better understand when and how complex processing 

of adviser confidence is evoked. Research in the area would not only enrich the judgement 

and decision-making (JDM) literature but would benefit all disciplines related to advice-

taking. 
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Appendices 
 

 
Appendix A  
A.1 Epistemic-Aleatory Rating Scale (EARS) 

 
Note. Adapted from “Investor Behavior Under Epistemic vs. Aleatory Uncertainty” by 
D.J. Walters, G. Ülkümen, D. Tannenbaum, C. Erner, and C. R. Fox. 2023, Management 
Science, 69(5), p. 2765. (https://doi.org/10.1287/mnsc.2022.4489). Copyright 2023, 
Authors. 
A.2 Adviser Competence Rating Scale 

 
Note. Reprinted from “Do people inherently dislike uncertain advice?” by C. Gaertig, and 
J. P. Simmons. 2018, Psychological Science, 29(4), p. 507. 
(https://doi.org/10.1177/0956797617739369). Copyright 2018, Authors. 
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