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ABSTRACT

This thesis investigates the capacity of predictive mechanisms in real-time language
comprehension to use subtle linguistic cues. Language comprehension, inherently sequential,
involves incremental interpretation of linguistic inputs. However, predictive processing allows
comprehenders to anticipate upcoming linguistic structures beyond the linear order, offering
potential cognitive efficiency gains, particularly in long-distance dependency constructions. This
study aims to understand the extent to which predictive strategies are employed, the level of detail
comprehenders can predict, and the condition under which prediction occurs, through both

behavioral and neurobiological measurements in Mandarin Chinese and English.

This thesis comprises three independent yet interrelated studies focusing on different linguistic
cues that might trigger predictions. Study 1 examines whether Chinese classifiers, which
constrain animacy without specifying particular lexical items, elicit semantic feature predictions.
Using Representational Similarity Analysis on EEG recordings, Study 1 provides neurobiological
evidence that comprehenders can predict abstract semantic features beyond specific lexical items.
Study 2 extends these findings by exploring whether animacy-constraining classifiers can guide
comprehenders to predict structural elements, i.e., gap sites in head-final relative clauses in
Mandarin Chinese. Both eye-tracking and self-paced reading results demonstrate the
comprehenders’ability to utilize classifiers to modulate active gap search in the absence of head
noun fillers. Study 3 examines the effect of a less understood element, presuppositional
constraints, on modulating active gap search. It compares negative island constraint, a
presuppositional constraint on filler-gap dependency formation with strong complex NP island
constraint, however, the results suggest that negative island constraint cannot be rapidly used by

the real-time parser to inhibit active gap filling in the same way strong islands do.

Results across the three studies suggest that predictive structure building in real-time language

processing is dynamically modulated by subtle linguistic cues, and cues at different levels might



take their effects with different timings: syntactic and semantic cues have more immediate effects
while pragmatic cues take longer to compute. These findings contribute to a nuanced
understanding of real-time language comprehension, teasing apart various factors affecting

predictive structural building in dependency constructions.
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Introduction

Real-time language comprehension for humans is inherently sequential, reflecting the
way we perceive linguistic information from the external world. Spoken language unfolds
over time as speech sounds are produced syllable by syllable and these auditory inputs
are processed continuously as they are received. Similarly, written words are also
presented in a linear format, requiring sequential processing as our eyes move
progressively across the text as our eye fixations have limited visual span. Therefore, it is
fair to say that our perception of language in most forms is constrained by temporal order,
where earlier inputs get processed earlier. It has been firmly established in the past
several decades that comprehenders are always engaged in an incremental fashion to
interpret linguistic inputs. To be more specific, comprehenders would like to interpret and
integrate the currently available input immediately upon encountering it. Many
psycholinguistic studies have provided robust evidence showing language
comprehension is an incremental process (Altman & Kamide, 1999; Tanenhaus et al.,

1995; Frazier & Clifton, 1986; Kamide et al., 2003; Staub & Clifton, 2006).

However, prediction allows us to jump out of this incremental linear order, generating
pieces of linguistic information ahead of their actual presence, constructing the upcoming
linguistic structure beyond the current scope, and thus facilitating the integration of future
syntactic structures. One particular motivation for comprehenders to use such a predictive
strategy is the need to process long-distance dependency constructions which frequently
occur in most languages. Long-distance dependency normally involves a head and a
dependent which are not linearly adjacent to each other, see (1) as an example. To
correctly comprehend the sentence, the comprehenders need to realize that the wh-
phrase “what” is analyzed later as the direct object in the clause “his kids like __". In this
case, the fronted “what” is called the head and its canonical grammatical position as the

direct object is the dependent. In English, the canonical position is not overtly marked and



is represented by the blank space because it is displaced. However, despite the absence
of an explicit direct object at the canonical position, comprehenders must infer this

dependency to correctly interpret the sentence.

(1) The father knows what his kids like __ for dinner.

The comprehension of this non-linear association between the wh-phrase and the gap
poses a challenge for a pure bottom-up processing strategy to achieve full incrementality,
because when encountering the first element, normally the head, the integration of this
element does not only involve previously built structure, but also involves upcoming
structure. A strictly bottom-up parser, which focuses on the integration of the current
element with the previous context, would process each element in isolation, delaying the
establishment of the dependency until the gap is encountered, because this referential
relation has nowhere to be projected onto the previous structure upon encountering the
first element (normally the head). In this way, the referential integration of the first element
has to be maintained until the comprehender parses the gap site and then be retrieved
and revised from the working memory. An alternative, more efficient approach to deal with
the non-linear referential relations involves active prediction: comprehenders anticipate
the presence of a gap and immediately establish a provisional dependency upon
encountering the wh-phrase. The realization of the latter possibility requires a certain level
of active predictive mechanism as it requires reasoning about linguistic elements that
have not yet appeared. Many psycho-/neuro-linguistic studies have provided robust
experimental results supporting the predictive hypothesis, that, instead of waiting for the
dependent/latter corresponding part to show up, comprehenders would initiate the
structural building of this dependency right upon processing the head/first part and
actively search for the corresponding part (e.g., Fodor, 1978; Crain & Fodor, 1985; Traxler

& Pickering, 1996; Wagers and Phillips, 2009).



In fact, more and more results from recent psycholinguistic studies demonstrate the
involvement of predictive processing in language comprehension at various linguistic
levels including phonological, orthographical, syntactic and semantic representations.
Incremental integration of current input and expectations about the upcoming input
together make real-time language comprehension a mixture of both bottom-up and top-
down processing, and therefore more efficient. Some language processing models even
consider prediction to play a fundamental role in language processing (e.g., Pickering and
Garrod, 2013; Pickering and Gambi, 2018; Clark, 2013). Nonetheless, critical questions
remain: to what extent do comprehenders engage in predictive processing? How detailed
are the predictions they generate, and under what circumstances are they willing to
predict? To what extent does grammatical knowledge play a role in prediction decision-
making? A large number of studies which support predictive processing in language
comprehension rely heavily on the context in the experimental paradigm which elicits
prediction of specific lexical items (a review of the predication studies: Kuperberg & Jaeger,
2016). The highly predictable context leading to specific lexical items (e.g., In the morning
| prefer to have a cup of coffee with sugar and __ ) is very rare to be found in natural
language and therefore it is unclear whether prediction can be generalized as a common
strategy for the processing of natural language materials (Luke and Christianson, 2016).
It also leaves open whether prediction at various abstract linguistic levels is independent

from the prediction of concrete lexical items and how grammatical knowledge plays a role.

Structural prediction, generally meaning that the comprehenders can project or pre-build
pieces of sentence structures ahead of the appearance of their lexical forms, provides a
perfect test ground for investigating the relationship between grammatical knowledge and
the cognitive mechanisms for prediction. In the theoretical linguistic framework,
sentence/language structure is considered as a nested and layered hierarchical
construction, where words are grouped into larger constituents (normally phrases). If we

take into account the dependency relation as illustrated in the example (1), the syntactic



structure is a non-local cross-hierarchical construction. Thus, the processing of bottom-
up lexical input may cue and activate higher-order constituents, prompting the anticipatory
construction of syntactic structure that extends beyond the immediately available input.
Since the linguistic cues might be subtle and the context is often less constraining for
syntactic structure, such predictions about sentence structure can be risky and costly. Do
comprehenders cast a top-down structure of the whole syntactic constituent upon the first
bottom-up input of the constituent, regardless of risk? Or are they strictly bottom-up,
focusing mainly on the current input integration with the existing syntactic constituents?
Or is there a balance between the two extremes that only certain cues can trigger the
comprehenders to make more predictions? And if so, how detailed can the predictions be?
In short, the general question of interest for this thesis is, what are the limits for predictive
mechanisms underlying real-time sentence structural processing? Three experimental
studies have been conducted to utilize various subtle linguistic cues or constraints for
generalizing structural predictions about the upcoming language information, and see if
comprehenders are able to or willing to make efforts to generate more detailed predictions

based on these cues.

Before we dive into the empirical studies, this thesis will first review the discussion about
prediction in language comprehension in the literature, focusing on three key aspects: i.
the triggers and timings of prediction (i.e., when is the prediction generated?), ii. the
content of prediction (i.e., what is predicted?), and iii. the mechanisms for prediction (i.e.,
how is prediction implemented?). Then this thesis will discuss how the experimental work
in this DPhil study can contribute to the current exploration of language prediction and

present an overview of each individual experimental study.

1.1 Theoretical Perspectives on Predictive Processing
Prediction has increasingly been recognized as a crucial mechanism in real-time

language comprehension. However, the term 'prediction' may have different meanings in



different contexts. Here in this thesis, we consider prediction as specific computation
operations to actively generate linguistic representations about upcoming words or
structure before the actual input is encountered. Thus the first keyword for prediction is
“active”. Whether the processing decision or operation is active differentiates “prediction”
from another closely related notion “integration”. Many facilitatory or inhibitory effects
observed in the existing empirical studies can be, on one hand, interpreted as successful
or unsuccessful predictions generated at an earlier point, or, on the other hand, can be
interpreted as the current input requiring fewer or more resources to integrate itself into
the existing sentence structure. Kazanina (2017) addressed the distinction between
prediction and integration by examining whether genitive object triggers a prediction for a
negated verb in Russian or whether a negated verb by itself is easier to be integrated into
the context. Her experiment showed that in the object-first configuration, genitive case on
the preverbal object leads to a clear facilitatory effect at the negated verb, which is
consistent with active prediction of negation and the verb based on case marking. While
in the negation-first configuration, where the same genitive—negation association exists
but prediction is not needed to maintain a connected structure, there is no corresponding
facilitation at the object. These results demonstrated that integration accounts cannot
explain why facilitation appears only when prediction is structurally necessary for
incremental parsing. Based on it, Kazanina also pointed out that the core motivation for
predictive processing is to achieve full incrementality, meaning that the predictive
mechanisms “aim to attain as fully incremental a structure-building process as possible
while ensuring grammatical licensing”. Crocker (2002) also explicitly characterizes the
human sentence parser as “even more eager than” a strictly incremental integrator,
“constructing anticipatory hypotheses about what is likely to follow”. Building on these,
predictive processing goes beyond reactive integration. It is a strategy that enables the
sentence processor to maintain a fully connected and incrementally updated structural
representation of the sentence, even before bottom-up confirmation arrives. In this sense,

predictive mechanisms serve as a solution to the challenge of incrementality. To outline a



predictive processor, the critical questions to be asked are not what happens at the current
input, but what happens before the current input: What are potential triggers for the
prediction? What are the representations generated by prediction? What is the
appropriate algorithm to implement a predictive mechanism? There are enormous
theories and models proposed to address these questions, each providing an effective
solution to account for specific linguistic phenomena. In the following parts of this session,

we will review these aspects perspectively.

1.1.1 When is the prediction generated: the timings and triggers of prediction
The timing of prediction is closely related to the triggers of prediction: is the predictive
process triggered or cued by specific linguistic items, or is it continuously active? This
question has been approached from two broad perspectives: the cue-based view, which
sees prediction as triggered by specific linguistic input, and the continuous view, which
treats prediction as an always-active, dynamically modulated process. These views are
not mutually exclusive, and empirical evidence suggests that both types of prediction may

operate, potentially at different levels of representation.

The dominant view in much of the psycholinguistic literature is that linguistic cues serve
as discrete triggers for prediction. For instance, as discussed earlier, Kazanina (2017)
shows that genitive case marking on a preverbal object in Russian can trigger the
prediction of a negated verb, but only when this prediction is structurally required for
maintaining an incremental parse. In configurations where the negation marker precedes
the object, and thus prediction is not necessary, no facilitation is observed. Another
example of a similar cue-triggered effect was observed in Crocker (2002), where case
marking in German was shown to prompt anticipatory eye movements towards expected
arguments. These predictive behaviors emerge only after relevant linguistic cues become
available, reinforcing the view that the time course of prediction effect is tightly locked with

informative input. On the other hand, probabilistic models of language comprehension,



such as those developed by Roark (2001), Jurafsky (1996) and Levy (2008), treat
prediction as a continuously active process. Under this continuous prediction view, at any
given moment, the sentence parser stays context sensitive and maintains a distribution
over possible upcoming words or structures, weighted by prior knowledge and contextual
constraints. One example of such continuous prediction is Roark’s top-down probabilistic
parser (2001). It assigns probabilities to predicted syntactic expansions, continuously
updating these distributions with each new word. Furthermore, studies using surprisal-
based metrics (e.g., Smith & Levy, 2013) argue that facilitation and processing difficulty
can be predicted from continuous gradient expectations. Levy’s expectation-based model
adopts a maximally continuous view of prediction: prediction is no longer an optional
strategy that the parser engages in at particular points, but the default mode of processing,
in which comprehenders continuously maintain probabilistic expectations over upcoming
words and structures. Within this framework, surprisal serves as the central linking
hypothesis between expectation and processing difficulty: the more unexpected a word is
given the current context, the greater the processing cost it incurs. In this sense, surprisal
replaces discrete, grammar-based prediction cues with a gradient, probabilistic metric that
is defined at every input position. Empirically, expectation-based models receive support
from a wide range of studies. Surprisal estimates derived from probabilistic grammars and
language models reliably predict reading times and eye-tracking measures in self-paced
and naturalistic reading (Hale 2001, 2003; Levy 2008; Demberg & Keller 2008; Frank et
al. 2013; Smith & Levy 2013). At the same time, many classic syntactic phenomena,
including garden-path effects and relative clause asymmetries, can be re-analyzed as
consequences of low-probability continuations under an expectation-based parser (Levy
2008; Levy et al. 2013). Together, these findings support the core claim that human
sentence processing is tightly guided by graded probabilistic expectations. However,
rather than viewing the cue-triggered prediction and continuous prediction as competing
accounts, many frameworks (e.g., Crocker & Brants, 2000; Levy, 2008) treat them as

complementary. Cue-triggered prediction may reflect rapid structural commitments made



when certain linguistic cues demand it (e.g., case-marked NPs, wh-elements), while
continuous prediction may reflect gradient expectations maintained over the course of

comprehension, modulated by lexical frequency, context, and world knowledge.

Whether prediction is cue-triggered or continuous based on surprisal metrics, or with a
dual nature, a further question remains: what kind of information is allowed to serve as a
cue or to sharpen and reshape the expectation distribution? Do certain cues carry greater
weight and enjoy privileged status in guiding predictive decisions? In the discussion of
cue weight, syntactic cues are often considered to be the more privileged, even
deterministic, compared with other cues. This syntax-first view naturally aligns with the
cue-triggered prediction view, with a narrow sense that, the cues can license predictive
operations are typically restricted to syntactic information, such as case marking,
grammatical agreements, and phrase structure rules, because these are seen as the most
reliable indicators of forthcoming structure, and thus can demand prediction for the needs
of structural incrementality. Garden path models by Frazier (1987) and the parsing
principles proposed by Kimball (1973) are under this “syntax first” view. The garden path
effects at the disambiguating regions and the filled-gap effects (Stowe, 1986) suggest that
the initial analysis of the parser is rather syntactic-heuristic. Similarly, Crocker (1994)
believed that at least the “first pass” parsing should be syntactic autonomous, as the
semantic interpretations of the inputs do not occur soon enough to influence the parser’s
initial decisions. However, strict syntactic autonomy has been increasingly challenged by
empirical evidence showing that non-syntactic cues can influence processing even before
disambiguation occurs. Findings from lexical bias, plausibility manipulation, and visual
world studies all point to a more interactive system in which prediction is not solely driven
by grammar but can be initiated or shaped by a broader range of cues. For example,
Altmann & Steedman (1988) show that thematic fit and semantic plausibility can
immediately bias structure: when in a prepositional phrase (PP) attachment ambiguity

situation (e.g., The burglar blew open the safe with...), the semantic meaning of the noun



((e.g., ... with the dynamite vs. ... with the new lock) can guide the attachment preference
before a purely syntactic preference is settled. Tanenhaus, Carlson, & Trueswell (1989)
showed that lexical argument-structure biases and thematic constraints can influence the
earliest resolution of NP/S ambiguities (e.g., The witness admitted/confessed the
mistake ...): verbs that strongly prefer a sentential complement (e.g., admit) drive readers
toward a CP continuation, whereas NP-biased verbs (e.g., confess) push an NP analysis;
critically, these effects appear at or before the disambiguating region in eye-movement
measures, indicating that the parser utilizes verb-specific semantics and
subcategorization as it commits to a structure. Together, these findings motivate
constraint-based frameworks in which the chosen parse is the best-supported option
given all available cues, rather than the output of a strictly syntax-first stage followed by
later semantic repairs. Lexicalist Constraint-Based Parsing by MacDonald, Pearimutter &
Seidenberg (1994), Probabilistic Constraint Integration by Jurafsky (1996), Verb
Subcategorization Constraint Models by Trueswell, Tanenhaus & Garnsey (1994) and
many other models testing different cues all contribute to the constraint-based parsing
framework. In this framework, the parser computes the most probable interpretation at
each point by weighing competing constraints, often in real time. For instance, in a

sentence like “The reporter interviewed the daughter of the colonel who...”, syntactic
structure might favor attaching “who” to “the colonel”, while semantic plausibility or
discourse prominence might suggest “the daughter” is the intended antecedent. In such
cases, the parser evaluates both structural configurations simultaneously, and the final
commitment depends on which interpretation is better supported across all levels of
representation. This constraint-based conflict resolution is often formalized in probabilistic
models, such as Jurafsky’s (1996) Bayesian parser or Levy’s (2008) expectation-based
framework, where the parser computes the likelihood of different syntactic structures
given the input and prior experience. The parser is seen as a rational statistical learner,

dynamically integrating cues to minimize surprisal and maximize interpretive coherence.

In short, the interactive parser resolves cue conflicts not by adhering to a fixed hierarchy



of cue priority, but by evaluating how much support each cue lends to a given
interpretation, dynamically adapting to both the immediate linguistic input and broader
contextual expectations. This leads to graded processing effects, such as temporary
ambiguity, processing slowdowns, or even garden-paths, when the competition is close

or when a strongly supported structure later turns out to be incorrect.

1.1.2 What is predicted: the content of prediction
Another defining aspect of language prediction is what linguistic representations can be
generated. The content of expectations can range from specific lexical predictions to
syntactic categories, and also to abstract semantic feature bundles. Different theories
differ in the grain and nature of those expectations. Early on, Kimball (1973; 1975)
suggested that readers may not generate expectations for exact words but can predict
the syntactic categories, i.e., part of speech or phrase type of the next element in a
sentence based on the context. For example, upon reading “Joey devoured...” one
confidently expects a noun phrase as the direct object to follow, whereas after “John
devoured the very...” one expects an adjective and a noun to appear next, since “the very”
signals a noun is being modified. Similarly, a complex sentence segment like “the boy
who the king...” licenses the expectation that two verb phrases will eventually appear, one
for the relative clause “who the king (...verb)” and one for the main clause “the boy
(...verb)”. even if additional words might intervene before those verbs materialize. In short,
the category and structural role of upcoming constituents from different layers of the
hierarchical structure can be anticipated. Many models of predictive parsing explicitly build
such expectations into the parsing process. For instance, Crocker’s framework (2002)
holds that the parser can “enter nodes into the representation of the sentence’s syntactic
structure...before encountering the corresponding lexical input”. The nodes typically refer
the phrasal constituents or placeholders required by the grammar. Schneider (1999)
likewise allows the parser to posit unseen syntactic heads based on features of already-

seen words. In his model, encountering a noun with a certain case marking (e.g. a dative-
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case noun in a head-final language) leads the parser to expect some governing head will
follow to license that case. Crucially, the prediction might be underspecified — meaning
that the parser only knows a dative-case licenser is needed, but might not further predict
the syntactic category of the licenser. In all the accounts mentioned above, the
discussions about predicted elements are pure syntactic in nature (phrasal nodes, clausal
nodes, or syntactic heads with certain features). However, beyond syntactic prediction,
abstract features that are frequently associated with certain syntactic categories might
also be predicted. For example, an ERP study by Wicha and colleagues (2004) showed
early costs when the gender mark of the article mismatched the gender mark of the
predicted noun in Spanish, demonstrating a feature-level pre-activation during language
comprehension. Szewczyk & Schriefers (2013) used Polish sentences where
pronominals carry morphological animacy features. Items whose animacy marking
conflicted with the predicted noun’s animacy produced ERP costs at the pronominals,
demonstrating prediction of animacy features ahead of the noun. McRae, Spivey-
Knowlton & Tanenhaus (1998) combined experimental and modeling approaches to show
that readers immediately use event knowledge/thematic roles fitting (e.g., which entities
are likely to be Agents or Patients for a verb) during ambiguity resolution, biasing structure
and role assignment before disambiguating input, suggesting thematic role-level
predictions. Furthermore, DeLong, Urbach & Kutas (2005) used English a/an articles and
showed that article-elicited N400Os scaled with cloze for the upcoming noun’s initial sound,
implying graded pre-activation of phonological form prior to the noun itself. Kuperberg &
Jaeger’s review (2015) highlights that comprehenders predict probabilistically and across
levels, from high-level semantics down to lower-level lexical-form features. However, it
still remains unclear how such fine-grained feature prediction can be elicited. Most of
these studies created a context that makes certain lexical items highly predictable. It is
yet to be explored, when given some weakly-constrained context, what content, and how

much fine-grained feature prediction can happen.
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1.1.3 How is prediction implemented: the mechanisms of prediction
Predictive processing involves the generation of representations prior to receiving the
corresponding bottom-up input. The key issue is how to derive these representations
while preserving strong incrementality and flexible structure building on the algorithmic
level. Numerous models of human language processing have been proposed, adopting
different strategies for syntactic projection and consequently differing in the extent to
which they permit prediction. As discussed earlier, the core motivation for predictive
processing is to achieve immediate interpretation and integration during real-time
language comprehension. To achieve immediate incrementality in more complex
language constructions, such as head-final constructions, a satisfactory architecture for
an incremental human sentence parser must be at least partially top-down, projecting
upcoming syntactic structures based on available inputs (Crocker, 1994). Therefore,
head-driven models, as proposed by Abney (1989) and Pritchett (1992), struggle to deliver
fully incremental processing for head-final constructions, as they assume structure
integration and attachment has to be initiated by the phrasal heads, resulting in the parser
has to give up immediate incrementality in sentences where crucial heads appear late.
Top-down parsers, on the other hand, can support incremental processing in both head-
initial and head-final constructions. In a top-down parser, syntactic processing begins from
the highest-level category and proceeds downward, projecting expected constituents
before the relevant input is encountered. This architecture embodies a strong form of
prediction: the parser commits early to structural expectations derived from grammar. The
Garden-Path model (Frazier & Fodor, 1978; Frazier & Rayner, 1982; Rayner et al., 1983)
holds a classic top-down view: it initiates a single analysis guided by Minimal Attachment
and Late Closure and reanalyzes the structure when the bottom-up input contradicts these
early commitments. Beyond the heuristic garden-path model, probabilistic top-down
models such as Roark (2001) maintain a connected top-down derivation while ranking
multiple partial parses in a beam, thereby preserving strong pre-head projection but with

softer commitments and explicit next-word probabilities; similarly, principle-based top-

12



down approaches (e.g., Crocker, 1994; 2002) predict the functional heads and posit gaps
early, providing a mechanistic account of pre-head structure building in languages where
arguments often precede their verbal heads. However, top-down parsing often requires
excessively strong, often error-prone commitments, especially in structurally ambiguous
and head-final configurations. Complementing top-down approaches, a left-corner parser
integrates bottom-up and top-down processes. It initiates structure building when the “left
corner” of a phrase is recognized in the input. From that point, it predicts the higher-level
structure that could dominate this constituent while continuing to process the bottom-up
input. This hybrid mechanism maintains incrementality but grounds prediction in the actual
input, thus avoiding excessive or premature commitments typical of fully top-down
systems (Rosenkrantz & Lewis, 1970; Johnson-Laird, 1983; Crocker, 1999). Crocker
(1999) develops a left-corner architecture for human parsing that uses recognized left
corners to maintain a connected, incrementally interpretable structure and to explain
locality effects while avoiding global reanalysis. Extending the left-corner model family to
a lexicalized formalism, Demberg et al. (2013)’s PLTAG model introduces Prediction Trees
in a TAG framework: treelets anchored by observed words can license predictions of
higher structure that are later verified by incoming input, achieving a left-corner—style
balance between early projection and evidence-driven confirmation. This model posits
several different prediction trees in parallel, and a separate verification system confirms
the correct predictions and converts them into lexically licensed ones. Although left-corner
parsing integrates both bottom-up and top-down approaches, it is not problem-free:
standard left-corner parsing runs into trouble when facing massive left-edge ambiguity.
An initial NP sequence is compatible with many continuations, and thus the left-corner
parser is forced to pick one category-level structure, e.g., a simple clause structure, and
then frequently reanalyze it into a complement, adjunct, or relative clause, even though

such continuations are not in fact experienced as especially difficult by speakers.

To account for the left-edge ambiguity problem discussed above, Schneider (1999)
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proposes a variant of left-corner parsers that has sufficient flexibility for prediction
commitment. This parsing algorithm is called SPARSE. Instead of projecting full phrasal
categories like NP or VP as soon as a left corner is seen, SPARSE operates over bundles
of syntactic and semantic features, such as category, case, number, animacy, and
licensing features that specify what a head can license or must be licensed by. Words
enter the derivation as these feature bundles, and structure is built only when licensing
relations between features can be satisfied. When the feature licensing is not satisfied, to
keep the structure connected, the parser may posit an underspecified predicted head
characterized only by the minimal features needed (e.g. “a head that licenses nominative
case”), rather than committing to a specific category or lexical item. In this way, SPARSE
remains fully incremental and can maintain a single connected structure. Since its
predictions are feature-based and underspecified, it keeps multiple downstream
continuations available and dramatically reduces the need for large-scale reanalysis in
the densely ambiguous, head-final strings that pose a serious challenge to standard left-

corner parsers.

Among the parsing models that allow a decent amount of prediction during incremental
language processing, they diverge from several core axes of language prediction as we
discussed in the previous sections — what information licenses prediction, what the
parser is able to predict, and how strongly the parser commits. We can very broadly
situate them along the three core axes of prediction. Garden-Path parsers are classical
top-down parsing and are paradigmatically syntax-first: prediction is licensed almost
exclusively by grammatical category and phrase-structure principles, and the content of
prediction is largely a structural skeleton, projecting major phrasal nodes and attachment
sites rather than rich semantic detail, and the commitments are hard, in the sense that a
single analysis is pursued until contradictory bottom-up input forces costly reanalysis.
Principle-based top-down models such as Crocker’s retain a syntax-first flavor but allow

somewhat richer structural content, in the sense that functional heads and gap positions
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are projected in advance, while still committing relatively strongly compared to
probabilistic approaches. Probabilistic top-down parsers like Roark’s are still primarily
syntax-driven in their cues but often incorporate lexical and frequency information. They
support more detailed prediction content, including next-word and category probabilities,
and as a consequence of maintaining several ranked analyses in parallel, they do not
normally commit to one structure. Expectation-based surprisal models, mostly also
probabilistic top-down like Hale (2001) and Levy (2008), while a few are left-corner like
Boston et al. (2011), are more interactive in terms of prediction cues compared with
Roark’s probabilistic parser. Standard left-corner parsers and lexicalized variants such as
PLTAG move further toward interactive cues, because prediction is tightly constrained by
what has actually been seen in the input as well as grammar. Their prediction content is
somewhere between a skeleton and a detailed structure, such as partial spines or
prediction trees that anticipate upcoming heads and attachment sites. Their structure
commitments are softer than in fully top-down systems because multiple predicted
continuations can be maintained and later verified. Finally, SPARSE, with its feature
bundles and underspecified predicted heads, is essentially principle-based and
grammatical driven in the sense of separate serial syntax/semantics modules talking to
each other, but it is de facto interactive as they incorporate the “non-syntactic” information
including semantic features and sortal information (modified SPARSE model proposed by
Yoshida, 2006), into the grammatical cues that trigger prediction. SPARSE models predict
underspecified, feature-level structures rather than fully fleshed-out phrase markers, and
they embody a very soft commitment strategy in which multiple continuations remain open
until licensing relations force a more specific structural choice. Constraint-based and other
strongly interactive models push this logic even further, treating syntactic, semantic,
pragmatic, and probabilistic information as jointly licensing highly detailed predictions

while keeping commitments gradient and revisable throughout processing.
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1.1.4 The theoretical questions of this thesis
This thesis aims to test the limits of prediction processing with three experimental studies
and provides empirical evidence for outlining or fine-tuning the predictive mechanisms for
human sentence processing according to the core aspects of language prediction as
discussed above. This thesis explores the questions of what information licenses
prediction, what the parser can predict, and how strongly the parser commits when with
very limited or subtle linguistic context. These are the core issues that define a predictive
language processing model for human sentence processing. Our general idea is to utilize
various subtle linguistic cues or grammatical constraints that require linguistic awareness
and grammatical reasoning to generalize predictions about the upcoming language
information, and see if comprehenders are able to or willing to make efforts to generate
more detailed predictions based on these cues. In addition, this thesis also explores the
interaction of linguistic cues from different levels: when multiple cues are available for
making syntactic predictions, how the parser resolve conflicts among these cues?
Furthermore, by probing into how detailed the real-time prediction can be, we might gain
insights into the timing of predictive processing in real-time language comprehension. The
earlier a prediction is made, the more details it can potentially include. To this end, three
studies have been conducted. The studies are independent and focus on different
linguistic cues and their effects on predictive structural building. However, these three
studies all center around the general question of the limits of prediction in real-time
language processing, and they all observe the prediction effects on the dependency
relations. Article 1 mainly addresses the question of prediction content. Article 2 also
addresses the granularity of prediction content, as well as prediction triggers. Article 3
puts more emphasis on what cues trigger prediction, especially when it comes to the
interaction of cues from different levels of linguistic representations. All three studies, with
high-resolution experimental measurements, i.e., EEG and eye trackers, also provide

opportunities to discuss the question of when language predictions happen.
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1.2 Overview of the experimental studies in this thesis

Several questions of general interest of these studies should be answered in this
introduction, before diving into a detailed introduction of each study. The general
questions include: why focus on the effects on the dependency relation? What linguistic
cues are examined in each study? And how are the three studies related to and/or different

from each other?

The first question to be answered is why the studies choose to observe the prediction
effects on dependency relations. The processing of dependency relations is a very good
start to discuss prediction-related questions because:

a. The realization of the immediate integration of a dependency construction in real-time
processing indeed involves active prediction as noted earlier. The full interpretation of
the first element in the dependency relation relies on the not-yet-appearing second
element. Thus prediction is required to construct such a non-linear structural
integration.

b. The non-linear nature of dependency relations (two parts which are not linearly
adjacent to each other) allows us to assess not only whether but also when and how
far in advance predictions can be made.

c. The prediction of dependency relation is essentially a structure prediction which does
not require the prediction of specific lexical items. For example in (1), the referential
dependency between the wh-phrase and the gap site needs to be established but the
referent does not have to be specified.

d. Dependencies might involve various cues at different linguistic levels that might trigger
predictions about upcoming information, allowing us to understand the role of specific
cues in guiding predictions and to identify the conditions under which predictive
mechanisms are activated, which contributes to a broader understanding of how

selective or generalized the predictive mechanisms are in different linguistic contexts.
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Second question: what linguistic cues are examined in each study? Study 1 makes use
of Chinese classifiers which provide animacy constraints on the nouns that they modify
(for a detailed explanation see section 2.2.1). The animacy-constraining classifiers do not
lead to the predictions of specific lexical items because each classifier can modify multiple
different nouns, but these classifiers can indicate certain shared semantic features among
the nouns that they modify. For example, all the nouns that the classifier “wei” can modify
are all human nouns like “laoshi” (“teacher”), “yisheng” (“doctor”) etc. If comprehenders
can utilize this animacy-constraining cue provided by the classifier, they might be able to
predict some of the semantic features of the upcoming nouns even without knowing the
specific nouns. Study 2 builds on the animacy constraining classifiers and further utilizes
the mismatch cue between the classifier and its following word (for a detailed explanation
see section 3.2.2). The mismatch implicitly suggests that the classifier is dislocated from
the noun that it modifies and there is a subordinate clause inserted in between. If
comprehenders can recognize this cue in real-time processing and use it in combination
with the animacy constraint, they might be able to predict different types of relative clauses.
Study 3 uses negative island, a pragmatic presuppositional constraint on the extractions
out of island domains (detailed explanation see section 4.2.2), to see if comprehenders
can avoid “over-prediction” in the island domains. Negative island effects are defined and
observed mainly in off-line (opposite to the online and real-time processing) grammatical
judgment tasks, therefore it remains unknown if comprehenders can modulate their eager
predictions based on pragmatic cues. More detailed introductions about these prediction
cues will be given in later sessions. These linguistic cues do not heavily depend on high
co-occurrence probabilities but require immediate linguistic awareness and reasoning
based on grammatical rules to elicit predictions, thus, they can help us understand better

whether grammatical knowledge can guide real-time language processing decisions.

Then the third question that might be of general interest is, how are the three studies

related to and/or different from each other. The linguistic cues for Study 1 and Study 2 are
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more closely related as Study 1 establishes the foundation for the potential effects of the
linguistic cue in Study 2. Study 1 seeks direct neurobiological evidence for the animacy
prediction effects in the classifier-noun phrase dependency. Then building upon the
semantic dependency relation between a classifier and its head noun, Study 2 adds filler-
gap dependency processing into the picture and further explores whether the semantic
feature prediction triggered by a classifier can be used to guide the comprehenders to
predict gap sites in a relative clause construction in Mandarin Chinese. Study 3 also
targets at the processing of filler-gap dependency as in Study 2, but it differs in both the
type of cues and the language groups, focusing on English and investigating whether
pragmatic presuppositional constraints, such as negative islands, can modulate predictive
behavior to prevent over-prediction in filler-gap dependencies. It provides a different
perspective for us to explore whether the level of representations of the linguistic cues
matters when it comes to real-time predictions. Pragmatic cues are generally considered
to be highly context-dependent and more complex to compute for a real-time parser
during language comprehension. By exploring various cues, we can learn more about

how differently the linguistic cues from various levels are handled in real-time.

To summarize, the three studies in this thesis focus on the structural building of long-
distance dependencies to explore what cues can be used to trigger active prediction for
structure building and how detailed or what aspect of information can be predicted during
incremental language comprehension. Three individual experimental studies bring
evidence of predictive processing from different perspectives, including different kinds of
dependencies (phrasal dependency, clausal filler-gap dependency and prepositional
island constraint to clausal filler-gap dependency), different languages (Mandarin Chinese
and English) and also different measurement techniques (for behavioral measurements
including grammatical judgment tasks, self-paced reading tasks and eye-tracking, to

neurobiological measurements like Electroencephalography (EEG)).
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In the following chapters, this thesis explains the research questions and rationales for
each experimental project respectively, and then the research background will then be
introduced. A summary is also presented in each chapter to give an overview of the study.
Then an integrative discussion will be given in this cover article, including the main
findings of each study, a general discussion from an overall perspective (detailed
discussion please see in each article), limitations, and future directions. The three
individual studies are written in the format of manuscripts for publication and are attached

as appendixes to this cover article.
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Article 1: Predicting Coarse-grained Semantic Features in Language
Comprehension: Evidence from ERP Representational Similarity Analysis and
Chinese Classifier

21 Research question: how abstract can prediction be?

As outlined in the introduction, the central objective of this thesis is to investigate the
limitations of predictive mechanisms in real-time language comprehension. Specifically,
this article examines how abstract predictions can be, independent of specific lexical
predictions. A large amount of research in language prediction relies heavily on the
prediction of specific lexical items (e.g., Wicha et al. 2004; Ito et al. 2018; Li et al. 2022).
They often use highly constraining context cues or semantically interrelated lexical items
to narrow down the predictions to one or one set of “high-cloze” lexical items. The results
of these studies show that when specific lexical concepts are elicited, the prediction
outcomes can be rather fine-grained, including semantic features (Altmann and Kamide
1999; Federmeier and Kutas 1999; Lau et al. 2013; Wang et al. 2018, 2020), phonological
features (DeLong et al. 2005; Vissers et al. 2006; Li et al. 2022), written form (Laszlo and
Federmeier 2009; Kim and Lai 2012), and morphosyntactic features (Van Berkum et al.
2005; Dikker et al. 2009, 2010). Then one question that comes naturally about these
observations is: is pre-activation able to target features independently of any particular
lexical item? Or are these abstract linguistic feature representations pre-activated only
when a specific lexical item is pre-activated? This question has received less attention in
the research on language prediction. To disentangle the abstract feature prediction from
lexical prediction, one possible solution is to use prediction triggers that do not lead to
specific lexical prediction while also being reliable enough to elicit certain feature
predictions. Some research has been done to investigate predictions beyond specific
words. For example, Szewczyk and Schriefers (2013) conducted an ERP study to
investigate whether comprehenders can predict broad semantically defined classes of

words. Comprehenders are instructed to read short stories, and these stories were setting
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up a context that was strongly biasing towards either an animate or an inanimate noun in
the direct object position in the final sentence of the story. Event-related potentials (ERPs)
were measured as participants read the adjectives that either matched or violated
predicted grammatical features. The findings showed that violations of predicted features
elicited an N400 component, suggesting that readers actively form predictions beyond
individual word identity. A more recent work by Giskes and colleagues (2023) also
explored the abstract prediction of morphosyntactic features during language processing
by examining the comprehension of cataphoric pronouns in Dutch. They use eye-tracking
to investigate whether readers generate morphosyntactic predictions (such as gender and
number) based on cataphoric pronouns before encountering their antecedents. This study
is also aiming at eliciting abstract feature predictions, but instead of using complex
sentential context as cues, we try to set up minimum context by examining whether a
single classifier can trigger feature predictions beyond words. Therefore, article 1
investigates whether Chinese classifiers can elicit semantic feature pre-activation without
predicting specific lexical items. This study examines neurobiological evidence for
semantic feature prediction by using EEG to measure the spatial and temporal brain

activities.

The N400 component has been long considered to be one of the most important indices
for language-related effects in EEG experiments. Some of the language prediction studies
also target at observing the N400 component and interpret the reduced N400 amplitude
as a sign of pre-activation of the target word. For example, when participants process
sentences like "She spread the bread with butter," the word "butter" elicits a smaller N400
than a less expected word like "yogurt." This reduction is often taken as evidence that
listeners or readers generate pre-activation of likely words, which then requires less
neural effort to process when the prediction is confirmed (DelLong et al., 2005). However,
the same N400 effects can also be interpreted through the lens of integration rather than

prediction. Words that fit well with the preceding context are easier to integrate
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semantically into the discourse. For instance, the word "butter" may elicit a reduced N400
not because it was explicitly pre-activated but because it aligns closely with the context,
making integration seamless. Van Petten and Luka (2012) argue that the N400 reflects
not just a prediction but also the ease of combining incoming information with prior
linguistic and world knowledge, highlighting the overlap between these two processes.
Since N400 effects take place after the presentation of the current input, to demonstrate
prediction effects apart from integration effects, this study focuses on the analysis of the
spatiotemporal patterns of brain activities prior to the presentation of the target words

rather than the event-related responses that are inevitably affected by the current input.

Therefore, this study investigates whether Chinese classifiers elicit animacy feature
predictions for their head nouns in classifier clauses using EEG recordings. The data
analysis focuses on the brain activity patterns prior to the presentation of the head nouns
using representation similarity analysis. In the following research background sections,
we will focus on introducing a. why Chinese classifiers are used to elicit animacy feature
predictions (section 2.2.1); b. why animate/inanimate distinction has been selected to be
the semantic feature that we are interested in (section 2.2.2); c. and why representational
similarity analysis has been used to detect the differences in the neuro activity patterns

for animate and inanimate features (section 2.2.3).

2.2 Research background

2.2.1 Chinese classifier phrase and its animacy constraint
Mandarin Chinese is a numeral classifier language, which means that a classifier is
obligatory when the noun phrase is introduced by a numeral, a demonstrative, or a
quantifier (Li and Thompson, 1989). Most classifiers are encoded with physical or
functional information that indicates the semantic properties, such as shape, size, or the
status of their head nouns, thus each classifier can only modify a particular type of noun

phrase when the semantic properties of the classifier match the classifier and the noun.
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For example, the classifier “ming” in (2a) can only modify human noun phrases, especially
respectful humans like teacher, doctor or the elder people, while the classifier “ben” in (2b)
can only modify book-like noun phrases like book, magazine or album. It would be
ungrammatical when the classifier and the head noun do not match with each other as

shown in (3a) and (3b).

(2)
a. San ming lao shi
Three ClLhuman teacher

Three teachers

b. Zhe ben za zhi
This  Clwook magazine

This magazine

)

a. *san ben lao shi
Three CLpook teacher
Three teachers

b. * zhe ming za zhi

This CLhuman magazine

This magazine

The association between a classifier and a noun can be abstract or arbitrary to some
extent. For example, a noun can be paired with different classifiers and a classifier can
modify different nouns depending on how nouns are perceived in different contexts.
What's more, the classifier-noun association is sometimes robust while the semantic
relation between them is obscure. However, a close semantic relation in classifier-noun
pairs and the role of classifiers in predicting upcoming linguistic inputs has been attested
in many studies using various paradigms. For example, comprehenders are presented

with classifier-noun mismatch errors to investigate semantic integration processes during
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Chinese sentence comprehension. A typical observation is the N400 effects on the nouns
elicited by the classifier-noun mismatch, with larger negativity for mismatch trials reflecting
the difficulty of integrating the lexical semantics into the representation at the higher level
(e.g., Zhang et al., 2012; Zhou et al., 2010). The robust semantic agreement between a
classifier and a noun, combined with ERPs, can provide an effective approach to
examining the effects of prediction during language comprehension. In the research line
of semantic prediction in Chinese, Kwon et al. (2017) investigated the role of classifiers in
semantic predictions by manipulating whether a classifier embedded in a sentence
matched or mismatched an upcoming expected noun. Kwon et al. observed the well-
established N400 effect with enhanced N400 amplitude to unexpected nouns. More
importantly, the N400 was also evident as early as the preceding classifier, suggesting

the pre-activation of semantic features of nouns.

In this study, we select classifiers that are highly constraining for a semantic feature while
low-constraining for specific lexical items to eliminate the lexical activation effects. To be
more specific, we looked for classifiers that unambiguously modify animate entities, e.g.,
humans and animals, and that unambiguously modify inanimate entities, e.g., natural
objects like stones and manufactured products like a telephone. By selecting these
animacy-constraining classifiers, we can avoid the arbitrariness or obscurity between the
classifier-noun pairs as mentioned earlier. We also made sure to exclude the classifiers
that modify a narrowed group of entities. For example, the classifier “liang” can only
modify vehicle nouns. So although it unambiguously leads to inanimate entities (vehicles),

we still excluded it because it can also elicit specific lexical prediction.

2.2.2 Animate/inanimate distinction
The distinction between animate and inanimate entities is considered one of the
fundamental categorical divisions in human cognition. Research in cognitive psychology

suggests that this distinction arises from evolutionary adaptations that are essential for
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survival. Humans tend to treat animate objects (such as animals and humans) differently
from inanimate objects (such as tools or rocks), due to the potential for animates to be
either threats or sources of social interaction. Studies in developmental psychology (e.g.,
Gelman & Opfer, 2002) show that children as young as one year old can distinguish
between animate and inanimate objects based on motion patterns, intentionality, and
biological processes. This innate sensitivity to animacy seems to be a building block for

more complex cognitive processes, including language comprehension.

The animate/inanimate distinction affects how linguistic information is processed at
various levels including lexical processing, syntactic structure building, and semantic
and/or pragmatic interpretations. For lexical processing, research shows that words
referring to animate objects (like "dog" or "person") are processed more quickly and
occupy greater cognitive resources compared to inanimate nouns (like "chair" or "book").
A study by Caramazza and Shelton (1998) found that brain damage affecting specific
categories (such as animals or tools) suggests that the brain processes animate and
inanimate entities in distinct ways. Cree and McRae (2003) further suggest that these
categories are uniquely represented in the brain due to their semantic properties,
contributing to differences in processing speed and accuracy. The animacy of words can
affect syntactic choices during sentence comprehension, especially the assignment of
grammatical roles such as subject and object. Animate objects are often the subjects of
sentences and are associated with actions or events that require volition or agency,
whereas inanimate objects tend to be the objects or recipients of actions. Bock and
Warren (1985) demonstrated that speakers tend to use animate subjects in their
utterances, likely because animates are perceived as agents, capable of action, while
inanimates are more passively involved. Moreover, Mak, Vonk, and Schriefers (2002)
demonstrated that animacy effects when processing complex syntactic structures. In
relative clauses, for example, people tend to find sentences easier to understand when

the subject is animate and the object is inanimate (e.g., "The boy who chased the ball").
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This suggests that animacy influences parsing strategies during sentence processing.
Animacy affects pragmatic comprehension as well. Prat-Sala and Branigan (2000)
showed that speakers tend to introduce animate entities early in a discourse and assign
them prominent syntactic roles. In stories and conversations, animate entities often serve
as discourse topics because they are seen as more salient and likely to participate in

actions.

One important feature of the animate/inanimate distinction that is critical for this study
rationale is, animate entities share more co-occurring semantic features than inanimate
entities. Animate entities (e.g., “swimmer” and “lawyer”) share many semantic features,
such as [can move], [can breathe], [can think], [can feel], etc. More shared features create
a stronger intercorrelation within the animate category. In contrast, inanimate entities (e.g.,
“needle” and “water”) have their own distinct, unique features, resulting in less semantic
overlap between them. This difference in feature clustering explains why the inanimate
category includes a wider range of subordinate categories (e.g., furniture, vegetables,
tools), whereas animate entities are more tightly grouped (McRae et al., 1997; 2005;
Zannino et al., 2006). Computational models, including connectionist networks (Rogers &
McClelland, 2008) and Bayesian approaches (Kemp & Tenenbaum, 2008) also suggest
that differences in co-occurring features shape the taxonomic structure of animate and
inanimate categories. These models demonstrate that animate entities, due to their higher
semantic feature overlap, form tighter conceptual clusters. In contrast, inanimate
categories—having more distinctive features—are organized more broadly, forming a
larger number of subcategories. Dilkina et al. (2013), further confirms that semantic
similarity between animate concepts facilitates faster and more accurate retrieval in both

normal cognition and neural network models.

The semantic features are represented across widely distributed networks in the brain

(Huth et al., 2016; Martin, 2016), thus the difference in semantic similarity between
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animate and inanimate concepts should be reflected in their spatiotemporal patterns of
neural activities. Differences in neural activity patterns are indeed observed which can
explain category-specific impairments in patients with semantic dementia or other
neuropathological conditions (Devlin et al., 1998; Tyler & Moss, 2001). Some studies such
as those by Mahon & Caramazza (2011), confirm that the brain’s representation of
animate categories is more robust and interconnected. Thus the differences in neuron
activity patterns regarding animate and inanimate concepts should be able to be detected

by representational similarity analysis (RSA; Kriegeskorte et al., 2008).

2.2.3 Representation similarity analysis

Representational Similarity Analysis (RSA) is a computational technique developed by
Kriegeskorte and colleagues (2008) that enables comparisons of different neural
representational patterns across various measurement techniques, including functional
magnetic resonance imaging (fMRI), electroencephalography (EEG), and computational
models. RSA measures the similarity or dissimilarity between representational patterns
elicited in the brain under different conditions and transforms the results into a
representational dissimilarity matrix (RDM), which provides a basis for comparing different
experimental conditions or models based on the statistical distances between
representations. The key advantage of RSA is that it facilitates the comparison of neural
responses without directly aligning the raw activity across different individuals,
measurement techniques, or experimental tasks. It becomes a very useful technique in
detecting the brain activity patterns in response to different semantic categories and
determining the extent to which the brain’s representation of these categories is structured
by their semantic properties. One particularly fruitful application of RSA has been in the
investigation of animacy. Numerous studies have demonstrated that the brain represents
animate and inanimate entities differently, and RSA has been a valuable tool in elucidating

the neural underpinnings of this distinction with fMRI (Kriegeskorte et al., 2008) and with
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magnetoencephalography (MEG)/EEG (Cichy et al., 2014; Cichy and Pantazis, 2017).
Kriegeskorte et al. (2008) used RSA to compare neural representations of animate versus
inanimate objects in the inferotemporal cortex, revealing that brain regions like the lateral
occipital complex and posterior fusiform gyrus are particularly sensitive to animacy.
Wehbe et al. (2014) also found that RSA could reveal patterns of neural similarity that
corresponded to animacy distinctions in language comprehension, showing that brain
areas involved in semantic processing (e.g., the anterior temporal lobes and angular gyrus)
represent animate and inanimate entities differently. Anderson et al. (2016) found that
RSA could compare neural responses during reading tasks with model-based predictions
of animacy features, providing insight into how abstract semantic distinctions are encoded
at both the linguistic and neural levels. Devereux et al. (2013) applied RSA to fMRI data
collected while participants viewed words representing animate and inanimate objects.
The results showed a clear dissociation between animate and inanimate word
representations in the ventral temporal cortex, aligning with previous findings from object
recognition studies but extending them to the domain of lexical semantics. In a more
recent study, Wang et al. (2020) used RSA to identify neural patterns involved in predicting
animacy features of upcoming nouns when the sentence context only restricts broad
semantic features, such as animacy, rather than a specific word. In this study, verbs
constrained the animacy of nouns (e.g., "caution" implied animate nouns, while "unfold"
implied inanimate nouns). RSA revealed that prior to the appearance of nouns, neural
activity patterns were more similar following verbs that implied animate nouns compared
to those implying inanimate nouns, suggesting that the brain predicts coarse-grained
semantic features beyond individual word prediction. However, one limitation of this
approach is that neural similarity might reflect the meanings of the preceding context
rather than the predicted words themselves, as context and predicted words are often
correlated. In the current study, we tried to keep minimum context and directly compare
EEG patterns after presenting classifiers without additional constraints. We specifically

use RSA to examine the similarity between brain activity patterns following the classifiers,
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right up until the nouns are presented. Since animate nouns tend to share more
associative semantic features, while inanimate nouns have more distinct features (McRae
et al., 2005; Zannino et al., 2006), neural activity patterns should exhibit greater similarity
among animate nouns compared to inanimate nouns during noun presentation. The
critical question is whether this similarity difference emerges before the nouns appear. If
listeners are predicting the animacy of upcoming nouns, we expect greater similarity in
neural patterns following animate-constraining classifiers compared to inanimate-
constraining classifiers. We also analyze the similarity values post-noun presentation as

a reference.

2.3 Article summary’

Prediction is proposed to be one of the fundamental mechanisms underlying language
comprehension (Kuperberg and Jaeger, 2016). However, when the contexts are not
constraining enough to predict specific words but can characterize a group of possible
inputs, it remains unclear whether comprehenders can use such contextual constraints to
pre-activate semantic features associated with the upcoming inputs. In this study, we ask
whether the animacy constraints of classifiers can be utilized to predict semantic features
associated with upcoming nouns. Chinese classifiers can provide animacy constraints on
their head nouns, and we used EEG in combination with representational similarity
analysis (RSA) to detect the pre-activation of animacy features. The basic assumption of
RSA is that processing representationally similar items can cause similarities in brain
activity patterns. Animate concepts share more intercorrelated semantic features than
inanimate concepts (McRae et al., 1997; Zannino et al., 2006), and RSA has been used
to distinguish between animate/inanimate concepts in fMRI (Kriegeskorte et al., 2008)
and in MEG/EEG (Cichy & Pantazis, 2017; Wang et al., 2018). Therefore, we predict that

if animacy features can be pre-activated regardless of the prediction of a specific word,

"The abstract of Article 1 has been submitted for the conference presentation in the 35th annual CUNY
conference on human sentence processing.
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then representational similarities should be greater following animate classifiers than

inanimate classifiers before the onset of the nouns.

12 classifiers (6 animate-constraining and 6 inanimate-constraining) were each combined
with 10 nouns to form 120 semantically matched classifier-noun pairs, and then they were
recombined to form another 120 mismatched pairs (see appendix A for stimuli list).
Participants (N=25) saw classifier-noun phrases in the word-by-word presentation mode
(1000ms per word with 1000ms intervals) and were asked to judge whether the classifier-
noun pairs were plausible by pressing a button. The experimental hypothesis rested on
the assumption that animate nouns are more semantically similar to each other than
inanimate nouns. Hence, we verified this assumption by quantifying and comparing
semantic similarities of animate/inanimate nouns using a database HowNet. Additionally,
to make sure that any difference in representational similarity reflects the pre-activation
of animacy features of nouns rather than similarity associated with the animate/inanimate
classifiers, we also verified that the two groups of classifiers match well in properties
relevant to visual and linguistic processing including semantic similarity, visual complexity,

and word frequency.

We calculated the similarity of EEG activity across 64 channels at each time point from
the onset of the classifiers till the nouns within the animate/inanimate conditions. We then
conducted paired t-tests consecutively with a step size of 10ms across the full time
window to identify significant differences in similarity. No difference was found during the
time windows of the two groups of classifiers. The animate classifier group showed
greater representational similarity than the inanimate classifier group in the time window
from -230ms till the onset of nouns (p = 0.04). The differences in similarities continue

through the display of nouns for 300ms (p = 0.01).

RSA revealed that the similarity between neural activity following animate-constraining
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classifiers was greater than that following inanimate-constraining classifiers, and critically,
the effect of neural activity similarity emerged before the onset of nouns, indicating the
pre-activation of the animacy feature of upcoming nouns. These findings provide neural

evidence for the semantic prediction of features in language comprehension.
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Article 2: Classifier animacy cues distinct gap expectations in head-final relative
clause structure building in Mandarin Chinese

3.1 Research question: How detailed can prediction be?

Building upon Article 1, Article 2 also makes use of the animacy-constraining classifiers in
Mandarin Chinese and to investigate whether the pre-activated animacy features can be
further used to guide more detailed structural prediction in more sophisticated sentence
constructions, i.e., filler-gap dependencies in relative clause constructions. By involving
the prediction effects in relative clause constructions, this study is able to examine
whether the details within the complex relative clause are predicted, thereby addressing
the question of how detailed structural prediction can be during real-time language
processing. Structural prediction refers to the anticipation of grammatical structures
before encountering sufficient linguistic input to fully construct or confirm them.
Understanding the granularity of these predictions sheds light on the general question of
this thesis: what’s the limit of prediction in real-time language processing? Moreover,
detailed structural prediction requires immediate use of grammatical cues in the context,
rather than broad grammatical knowledge based on frequency or probabilities, or heuristic
parsing due to working memory constraints. Thus focusing on the detailed structural
prediction can not only reveal how powerful predictive mechanisms can be in real-time
language processing, but also help clarify how deeply grammatical knowledge is involved

in real-time comprehension.

At a general level, theories of syntactic prediction differ in how fine-grained the predicted
representations are. Within probabilistic parsing frameworks that use surprisal as a linking
hypothesis (e.g., Hale, 2001; Levy, 2008), the degree of detail in prediction is determined
by the grammar and parsing architecture over which the probability distribution is defined.
Implementations based on relatively simple, unlexicalized PCFGs tend to generate
coarser-grained expectations, for example, about phrase-closure and broad category

transitions, whereas lexicalized and feature-rich grammars define surprisal over much

33



more articulated structures, including specific heads, subcategorization frames, and
argument-role configurations. There are many empirical studies indicating that predictions
can be remarkably detailed. For example, studies using self-paced reading and eye-
tracking paradigms have shown that comprehenders anticipate specific verb argument
structures (e.g., Altmann & Kamide, 1999). More impressive and detailed are the studies
showing specific predictions based on world knowledge differences. For example, in
sentences like “The man/girl will ride the...”, participants’ gaze patterns revealed that they
anticipated specific objects (like a motorbike for a man or a carousel for a girl) before
these objects were explicitly mentioned (Kamide & Altmann, 2003). Furthermore, ERP
studies have found evidence for predictions at the level of morphosyntactic features, such
as case markings (e.g., Wicha et al., 2004). These findings challenge the notion that
predictions are limited to broad categories or probability-driven preferences and suggest
that comprehenders may pre-construct highly specific syntactic structures depending on
the specific cues that they pick up during the incremental processing of the previous
context. Based on these different opinions, further research is needed to clarify the
mechanisms underlying prediction and to determine the conditions under which detailed

structural predictions are generated.

The general idea of this study is to investigate the comprehension’s ability to utilize subtle
grammatical cues to construct detailed sentence structure in advance of the actual inputs.
In Article 1 we captured the neurobiological evidence that animacy-constraining classifiers
can elicit animacy feature pre-activation, now In Article 2, we focus on whether
comprehenders can use the pre-activated animacy feature to further generate predictions
to guide the gap search in relative clauses that are inserted in between the classifier and
the head noun. The relative clause construction in Chinese is head-final, meaning the
relative positions of the filler and the gap are reversed. Instead of processing the filler first
and then searching for the gap, the gap proceeds the filler, making it more difficult to

anticipate the existence of a relative clause and the gap site. Some studies focusing on

34



the filler-gap dependency processing in head-initial constructions have shown that
animacy cues can modulate the detailed relative clause prediction, i.e., the gap site.
However, existing evidence in filler-gap dependency processing in head-final
constructions only shows how a mismatched classifier can help anticipate a relative
clause without further exploring the factors affecting the gap site anticipation. Article 2
aims to take a step further to explore whether further detailed structure of the relative
clause, i.e. the gap site, can be predicted. In the following Research Background, we will
first review the well-established active gap search strategy in head-initial constructions
like in English and how animacy can potentially modulate gap expectations. Then we will
introduce what has been found about active prediction in head-final relative clause

constructions like in Chinese.

3.2 Research background
3.2.1 Gap expectations: Active gap filling strategy and semantic modulators

One of the central challenges in real-time language comprehension is resolving syntactic
dependencies, particularly those involving long-distance relationships, such as filler-gap
dependencies. In many languages, sentences often contain a "filler" (a displaced
constituent, like “the book” in (4)) that is associated with a "gap" (an unpronounced
syntactic position, indicated as the underscore in (4)). Resolving the dependency relation
is crucial for understanding the sentence, and comprehenders typically do so rapidly and
efficiently. It comes naturally that predictive mechanisms are involved in constructing the
dependency relation ahead of the actual presentation of the final part of such a long-
distance dependency. The Active Gap Filling strategy (Fodor, 1978; Clifton and Frazier,
1989) is proposed to be the prominent mechanism to explain how comprehenders

process such dependencies in real-time.

(4) The book [that | read _ yesterday] was fascinating.
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Fodor (1978) first suggested that comprehenders actively search for gaps as soon as a
filler is encountered. Early self-paced reading studies (e.g., Crain & Fodor, 1985)
demonstrated slower reading times at regions where gaps were expected but absent,
suggesting that comprehenders predict gaps and experience processing difficulty when
their predictions fail. Self-paced reading studies, for example, Stowe (1986), provide
compelling evidence for Active Gap Filling. They found that readers slow down when a
gap site is unexpectedly filled with lexical material (e.g., "The nurse who the doctor argued
that the patient met __"). These disruptions indicate an active search for the gap. An eye-
tracking while reading study by Traxler and Pickering (1996) manipulated the plausibility
between a displaced filler such as “the book” or “the city” and the verb as in “they talked
about the book/city that the author wrote __...”, and found longer reading time at the verb
when the filler is a semantically implausible object for the verb (city-wrote) compared with
when the filler is a semantically plausible object (book-wrote). The observed plausibility
mismatch effect demonstrated that comprehenders have built a sufficiently detailed
structure, in which the filler takes on the thematic role of Theme of the verb and therefore
confines its gap to the direct object position. That this effect could be observed as early
as at the verb indicates that the active expectation for a gap site is rapidly initiated after
the parser detects a filler. ERP studies further support this strategy. For example, ERP
experiments have found P600 effects when a gap is absent or misaligned with

expectations, indicating reanalysis and syntactic repair (Kaan et al., 2000).

While Active Gap Filling is fundamentally a syntactic strategy, it does not operate in
isolation. Researchers have been working on how Active Gap Filling strategy can be
modulated by other linguistic cues, for example, semantic plausibility, the degree to which
a filler is semantically compatible with a potential gap site. Traxler and Pickering (1996)
first focused on manipulating plausibility and tested how comprehenders posit gap sites.
Their results showed that the comprehenders still posit gaps regardless of semantic

plausibility but later showed disruption effects when the predicted gap sites turned out to
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be semantically implausible. Other studies made use of animacy, a very fundamental and
prominent semantic feature, to interact with active gap search and showed positive
modulation effects. For example, the animacy of a filler has been shown to modulate the
parser’s expectation for relative clause type (Mak, Vonk & Schriefers, 2002, Traxler,
Morris & Seely, 2005, Gennari & MacDonald, 2008). In a sentence completion task in
Gennari and MacDonald’s study (2008), they found that people tend to complete a relative
clause as an object-gapped relative clause with given an inanimate filler compared with
an animate filler, which they complete as a subject-gapped relative clause. In their self-
paced reading experiment, they find that processing difficulty emerges as early as at the
subject position in the relative clause when an animate filler noun phrase is provided.
Lowder & Gordon (2014) also find a similar effect in eye-tracking. More recent work by
Bovolenta and Husband (2023) shows evidence that subject-noun animacy can guide
comprehenders to predict different verb phrase structures. For example, an inanimate
subject predicts that the subject is derived, hence more object relative clauses will be
predicted. Based on these results Gennari & MacDonald (2008, 2009) proposed the
Production-Distribution-Comprehension account, arguing that an animate filler noun leads
to an expectation of a subject gap while an inanimate filler noun induces a stronger
expectation of an object gap. The central idea of expectation-based theories is that
comprehenders dynamically adjust the likelihood of the upcoming linguistic inputs and
generate up-to-date predictions based on the structure or features demonstrated in the
previous inputs, highlighting the comprehenders’ ability to utilize immediate grammatical
knowledge to modulate sentence structural expectations. These results suggest that
Active Gap Filling is not a purely syntax-driven process. Instead, it operates within a
framework where syntactic predictions are dynamically adjusted based on semantic and
contextual cues. This interaction prevents comprehenders from making implausible

predictions, enhancing processing efficiency and reducing the need for costly reanalysis.
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3.2.2 Chinese head-final relative clause
Evidence for the Active Gap Filling strategy has been observed in various Indo-European
languages, including English, German, Dutch, etc. Phillips and Wagers (2007) argue that
the Active Gap Filling strategy reflects a universal parsing sensitivity to linguistic
dependencies. However, the prominence of Active Gap Filling may vary depending on the
syntactic differences in the sentence constructions across languages, especially when the
manifestations of filler-gap dependencies are different. In the head-initial relative clause
constructions as we discussed in the previous section, the filler comes before the gap.
However, there are also head-final relative clause constructions, e.g., in Chinese or
Japanese, in which the relative order between filler and gap is reversed, see (5) as an
example. This typological difference in filler-gap order may potentially affect how the
parser perceives relative clause structures. In head-final relative clause constructions,
active gap filling, which is assumed to be initiated by the filler in the previous studies, is
not applicable as the filler is not available for the parser to initiate any gap search.
Moreover, a relativizer that explicitly indicates the beginning of a relative clause is also
absent in head-final relative clauses. Thus whether the parser can make any prediction

about an upcoming relative clause becomes an intriguing question to investigate.

(5) A head-final relative clause construction in Mandarin Chinese:
[Jing cha zai yi yuan kanjian _ iJscde na ge nv haii zheng zai da dian hua

Police in hospital see REL thatCL girl now make phone call
GAP FILLER

The girl who the police saw in the hospital walked into the classroom.

One sensible way to probe into this issue is to find what cues can indirectly indicate
relative clause boundaries and whether they can be utilized by the parser to detect relative
clauses in advance. The mismatch between linearly adjacent words can potentially

indicate the boundary between the main clause and the embedded relative clause. For
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instance, when an NP is modified by a classifier and a prenominal relative clause at the
same time, the classifier can be put in front of the relative clause, as shown in (6a) and
(6b). A classifier is semantically compatible with its head noun, meaning a classifier can
only modify a specific type of nouns, and this close relation between a classifier and its
head noun has been attested with much empirical evidence (Huettig et al., 2010, Zhang
etal., 2012, Zhou et al., 2010). Thus, in cases like (6b) when a relative clause is inserted
in between a classifier and a noun, the mismatch between the classifier (“ben” CL(book))

and the immediately following word (“peng you” “friend”, a human noun) might potentially

help comprehenders to detect an upcoming relative clause.

(6) Classifier immediately preceding its head noun:
a. [pengyou tuijian ] de zhe ben shu
Friend recommend REL this CLpook book

The book that a friend recommended.

Classifier dislocated from its head noun:
b. Zhe ben [pengyou tuijian ] de shu
This ClLbook  friend recommend REL book

The book that a friend recommended.

There is some evidence demonstrating that a semantically mismatched classifier can be
effectively detected and used as a cue to predict relative clause structure in Mandarin
Chinese (Hsu 2006, Wu et al, 2009, Chen et al, 2012; Wu et al, 2011, 2014, 2018). A self-
paced reading study by Hsu in 2006 found the facilitation effect of classifier mismatch for
predicting relative clause structure when presented with relative clause-biased discourse
contexts, i.e., contexts which introduce two referents and create the need to use relative
clause constructions to distinguish these two previously mentioned referents apart.

Reasons were given by Hsu for why the facilitation effect of mismatched classifiers was
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not effective in the absence of supporting contexts. The materials used in their studies
were object-gapped relative clauses, thus the mismatched created was often between a
classifier and a noun as shown in (7a) (e.g., ...na wei jushi... “...that CLnuman rock...”). It
is a semantic plausibility mismatch rather than a syntactic categorical mismatch. Then
one possible reason could be comprehenders’ propensity to consider mismatched
classifier-noun pairs in written texts as “typos”. Furthermore, a corpus-based examination
conducted by Wu and colleagues (2011) suggested that, for object-gapped relative
clauses in Chinese, classifiers mostly appear in post-relative clause positions rather than
dislocated to pre-relative clause positions. The situation is reversed for subject-gapped
relative clauses; pre-relative clause classifiers occur much more frequently. This corpus
finding might explain why Hsu’s studies didn’t find the facilitation effect of classifiers in
object-gapped relative clauses without contexts. In subject-gapped relative clauses, the
word following a pre-relative clause classifier is usually a verb or an adverb as shown in
(7c) (e.g., ...na kuai zazhong... “...that CL hit...”). This classifier-verb mismatch is more
unambiguous and potentially more effective than a classifier-noun mismatch. Based on
the results of the corpus study using revised materials, Wu and colleagues conducted a
series of self-paced reading studies to examine whether classifier mismatch can serve as
a reliable cue to facilitate relative clause prediction in isolated sentences. They found the
facilitatory effect of mismatched classifiers in both subject-gapped relative clauses and
object-gapped relative clauses without the support of contexts. And they also found that
the reading time differences were numerically larger in subject-gapped relative clause
conditions than those in object-gapped relative clause conditions, indicating the possibility
that pre-relative clause classifiers might be more effective in subject-gapped relative
clauses, i.e., classifier-verb mismatch than in object-gapped relative clauses, i.e.,
classifier-noun mismatch. Converging evidence also comes from the visual world eye-
tracking paradigm by Wu and colleagues in 2014 showing that comprehenders can use

mismatched classifier cues to anticipate a correct relative clause parse.
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(7) Object-gapped relative clause with classifier:
a. na wei jushi zaidao de jizhe jingtide huangu sizhou.
That CLnuman rock hit  REL journalist cautiously look-about surroundings

The journalist that the rock hit looked about his surroundings cautiously.

Object-gapped relative clause without classifier:
b. jushi zadao de jizhe jingtide huangu sizhou.
rock hit REL journalist cautiously look-about surroundings

The journalist that the rock hit looked about his surroundings cautiously.

Subject-gapped relative clause with classifier:
c. na kuai zadao jizhe de jushi zhangzhe gingtai.
that CLiock hit journalist REL rock grow moss

The rock that hit the journalist is covered with moss.

Subject-gapped relative clause without classifier:

d. na kuai zadao jizhe de jushi zhangzhe gingtai.
hit journalist REL rock grow moss
The rock that hit the journalist is covered with moss.

(Example sentence from Wu et al., 2009)

The studies mentioned above demonstrate how the parser is able to use mismatched
classifiers to facilitate the processing of recognizing a relative clause domain. However,
not much attention has been given to whether a classifier can also play a role in
modulating the parser’s expectancy of a gap after realizing the presence of a relative

clause. How the filler-gap dependency is completed in head-final relative clauses remains
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largely unknown. The active gap filling strategy found in head-initial relative clauses has
not been tested much in head-final relative clauses due to the absence of filler in the pre-
relative clause position. One underlying assumption of the active gap filling strategy when
it was proposed is that it is a filler-driven process. The expectation of a relative clause and
a gap at the earliest possible position is triggered after the parser perceives a filler and
the motivation for such expectation is the working memory burden of maintaining a filler.
Now that in head-final relative clause construction, a mismatched classifier can trigger an
expectation of a relative clause, then the question is whether an expectation of a gap can
also be triggered, or the processing of active gap search cannot be initiated in head-final
relative clauses due to the absence of an actual filler. Dislocated pre-relative clause
classifiers containing animate features allow us to test this issue. As we reviewed earlier,
manipulating the animacy of filler NPs can modulate the parser’s relative clause gap
preference, so we wonder if animacy feature of a classifier can motivate an active

prediction of gap sites.

3.3 Article summary?

Previous studies have suggested a predictive mechanism for relative clause (RC)
processing in languages that have a head-final RC structure, like Japanese (Yoshida et
al., 2004) and Mandarin Chinese (Hsu, 2006; Wu, 2009). However, it still remains
unknown what type of information the parser utilizes to anticipate the structure of an
upcoming RC and how detailed such structure building is before receiving information
from the head noun directly. To address this, we investigated how the semantic
information provided by different classifiers (CL) in Mandarin Chinese (human, non-

human, general) guides the structure building of upcoming RCs.

2 Abstracts of article 2 have been submitted for academic conferences including: the 26th Architectures
and Mechanisms for Language Processing (AMLaP) and the 34th annual CUNY conference on human
sentence processing.
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Chinese “classifier + transitive verb” sequences are temporarily ambiguous between a
subject-gapped RC and a (null subject) object-gapped RC construction. Although the
parser is biased to adopt a subject RC analysis, semantic cues of a CL may be used to
guide which of these two RC structures is initially adopted. Non-human (inanimate) CLs
in particular may guide the parser away from a subject RC analysis since subjects are
often Agents in canonical syntactic structure and inanimate CLs indicate that the head
noun is unlikely to be an eligible subject for a subject RC. We predicted that this should
facilitate the analysis of a null subject RC. With human and general CLs, the parser may
be more likely to assume a subject gap and expect a noun to fill the object position. This
predicts reading disruption upon encountering an unexpected relativizer and head noun.
In a series of studies, CL type was manipulated to examine whether the parser uses CL

type to predict the gap site in a head-final RC.

A sentence completion survey (N=439) was conducted online to investigate the parser’s
bias for subject RC and null subject object RCs (see Appendix B: Experiment 1 for the
stimuli list). The results suggest that the mismatch between a dislocated CL and the
following verb guides the parser to an RC structure (88.7%) and the RC type is influenced
by the CL type. Human CLs produce an overwhelming preference for subject-gapped RC
(92.2%). General CLs also elicit a subject-gapped preference (71.4%). Non-human CLs,

however, produce more object-gapped RC (85.9%).

Verbs and head nouns were selected based on the responses in the completion study
and used as stimuli in an eye-tracking while reading experiment (N=42, see Appendix B:
Experiment 2 for the stimuli list). Using general CL as baseline, results of linear mixed
effect model show reading facilitation with non-human CL at the relativizer region in first
fixation (Est=-12.24 ms, t=-2.399, p<0.05), first pass (Est=-14.17 ms, t=-2.545, p<0.05),
go past (Est=-39.38 ms, t=-2.077, p<0.05) and total fixation (Est=-48.62 ms, t=-4.139,

p<0.001). Human CL shows greater reading disruption compared with general CL in go-
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past reading (Est=66.30 ms, t=3.499, p<0.01) and total fixation time (Est=46.59 ms,
t=3.969, p<0.001). These effects are largely recapitulated at the head noun region. In the
non-human CL condition, facilitation is significant in go-past reading (Est=-58.27 ms, t=-
2.842, p<0.01) and total fixation (Est=-81.35 ms, t=-3.314, p<0.01). For human CL,
disruption is significant in first-pass reading (Est=14.33 ms, t=2.326, p<0.05), go-past

reading (Est=86.64 ms, t=4.310, p<0.001), and total fixation (Est=58.67, t=2.39, p<0.05).

We extended the results using self-paced reading, keeping the head nouns the same
across different conditions by separately comparing non-human CL vs. general CL (N=43,
see Appendix B: Experiment 3 for the stimuli list) and human CL vs. general CL (N=40).
Both human and non-human conditions show reading disruptions at the verb (Est=35.08
ms, t=2.898, p<0.01; Est=30.37 ms, t=2.892, p<0.01), suggesting greater mismatch
between the CLs and the verb. In human CL condition, disruptions continue in relativizer
(Est=24.71 ms, t=2.413, p<0.05) and head noun (Est=37.16 ms, t=2.75, p<0.01) while in
non-human CL condition, reading was facilitated at the relativizer (Est=-36.93 ms, t=-

3.916, p<0.001) and the head noun (Est=-47.27 ms, t=-4.941, p<0.001).

The results indicate that the semantic properties of CLs can help the parser to make
structural predictions in head-final RC processing before accessing the head noun. In
particular, non-human CLs guide the parser away from the preferred subject-gapped RC

structure, facilitating a null subject object-gapped analysis.
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Article 3: Negative islands do not block active gap filling

4.1 Research question: Can pragmatic/presuppositional cues inhibit prediction?

Gap-site prediction in long-distance dependency is essentially a syntactic decision. It
projects the clause types and clausal complexity, and the determination of a gap is mostly
governed by the use of syntactic rules, for example, the number and type of syntactic
heads (Dependency Locality Theory (DLT) by Gibson 1998, 2000), the distance between
the head and the gap (also DLT by Gibson 1998, 2000), the argument structure of the
verb (Pickering and Traxler, 2003; Frazier and Clifton, 1989; Boland et al., 1995) and
syntactic constraints like island constraint (Stowe, 1986; Traxler and Pickering, 1996;
Omaki and Schulz, 2011). However, factors from other linguistic levels can also interact
with the syntactic rules in the process of generating gap expectations. Article 2 has
demonstrated semantic cues can modulate gap expectations regardless of syntactic
dispreference. Semantic cues like animacy features can direct the expectations of gap
sites in gap-filler dependencies in Chinese head-final relative clauses. The demonstration
of the interaction between semantic features and syntactic structure makes us eager to
further probe other linguistic cues that might potentially affect syntactic structural
expectations. Thus Article 3 targets an intriguing yet less understood element: the role of
pragmatic cues. This study aims to address the question of whether pragmatic cues can

modulate gap-site expectations in filler-gap dependency formation.

As noted earlier, island constraints have been known to have robust effects in prohibiting
the formation of filler-gap dependencies across certain types of structures (e.g., Stowe,
1986; Traxler and Pickering, 1996). Violations of these constraints result in sentences that
are perceived as ungrammatical or difficult to process. However, there are various types
of island constraints and they can differ very much in terms of the source of the islandhood
as well as the strength of the islandhood (detailed introduction in the following sections in

Research Background). The so-called strong islands, where the extraction constraints are
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caused by syntactic properties, have been the focus of psycholinguistic studies to
demonstrate how grammatical rules affect real-time language processing. On the other
hand, weak islands, where the extraction constraints are often selective and weaker,
haven’t been thoroughly accounted for. What’s more, the real-time blocking effect of weak
island constraints has, to my knowledge, not been tested. We target one particular weak
island, negative islands, to investigate its interaction with active gap search in comparison
with the blocking effect of a strong island constraint. The reason why we are interested in
negative islands is that, this type of island constraint originated from pragmatic
consideration rather than syntactic rules. To be more specific, some WH-words
extractions that lead to degree or manner questions come with a contradictory
presupposition when negation is present. Thus such a WH-word extraction is considered
ungrammatical. This in turn might potentially block active gap filling when the fronted head
is the constrained type. If negative islands have blocking effects for active gap filling
comparable to the strong island constraints, it may suggest that presuppositional cues
can be rapidly and effectively utilized by the comprehenders even in real-time language
processing. If negative islands can not block active gap filling, it might indicate that there
are different timings for linguistics cues from different levels to take effects on real-time
processing decisions. It remains less unknown whether comprehenders can actively
utilize pragmatic cues in real-time sentence processing, as pragmatic cues often involve
broader world knowledge considerations. The effects of pragmatic cues are often tested
in static or off-line grammaticality judgment tasks in which participants have enough time
to engage in more throughout revisions. Those different types of island constraints, strong
islands, and negative islands, provide us with a test ground to investigate the effects of
pragmatic cues in comparison with syntactic cues on the real-time filler-gap dependency,
and thus allow us to know more about how grammatical constraints from different
linguistic levels works on structural predictions. A deeper understanding of this issue can
shed light on core questions in psycholinguistics, such as how context interacts with

linguistic structure and how cognitive resources are allocated during comprehension.
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In the following research background, this study provides instruction on the island
constraints and their blocking effects on active gap filling in filler-gap dependency
processing. Then an overview of the negative island is presented to give a general idea
of what we have known about negative island constraints. And finally, a research summary

is given at the end.

4.2 Research background
4.2.1 Island constraints and the blocked filled-gap effect

Island constraints have long been studied within generative linguistics as limitations on
possible syntactic movements. They are integral to understanding the relationship
between sentence structure and the parsing mechanisms underlying sentence processing.
The phenomenon of “island constraint” refers to restrictions on the possible syntactic
dependencies that can be formed between the extracted element (normally, a wh-word)
and its canonical position in the sentence, especially in the context of movement and gap-
filler dependency relations. Although the formation of a dependency relation caused by
Wh-movement is potentially unbound, as shown in (8a), the completion of such a
dependency can still be restricted when certain types of constructions intervene. For
example, when the canonical gap for the wh-word is located in a relative clause as in (8b),
in a complex NP as in (8c), in a subject clause as in (8b), or in an adjunct clause as in
(8e). These non-extraction domains are collectively referred to as “islands”, proposed by

Ross (1967) in his seminal work on syntactic structures.
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(8) a. Who did you hope that the candidate said that he admired __ ?
b. * Who did the candidate read a book that praised __ ?
c. * Who did the candidate read The Times’ article about __?
d. * Who did the fact that the candidate supported ___ upset voters in Florida?

e. * Who did the candidate raise two million dollars by talkingto __?

(Examples from Phillips, 2006)

These islands as mentioned above provide syntactic environments where extraction is
categorically forbidden, and they are referred to as strong islands. Violations of strong
island constraints result in clear ungrammaticality. Strong islands have been widely
recognized as universally robust constraints across languages, leading to hard violations
of syntactic rules when extraction is attempted. In contrast, weak islands are
environments that restrict extraction, but are not absolute constraints that block all
extractions as strong islands do. Weak islands tend to impose selective constraints,
depending on specific properties of the extracted element, normally with additional
semantic requirements, such as why, how, or degree/quantity expressions. The reason
for the selectivity is that weak island constraints often arise from contextual or
semantic/pragmatic considerations that involve the validation with real world knowledge
beyond literal inputs. For example, certain environments, particularly those that involve
presuppositional or factive verbs (e.g., regret, realize), create weak island effects. For
example, (9a) is generally judged as unacceptable because the extraction is not specific
or definite. In the case of a more specific extraction like (9b), it becomes more acceptable.
The extraction of “how” is more problematic compared to the extraction of “what”,
indicating that presuppositional islands are sensitive to the specificity or definiteness of
the extracted element. Negative islands are another type of weak island which arises
when negation in the sentence creates difficulties for certain types of extraction, especially

for quantificational elements or adjuncts. For example, (9c) compares to (9d), the
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extraction of degree questions (e.g., how many people) is blocked in the presence of
negation, while the extraction of individual arguments (e.g., who) is allowed. This indicates
that a weak island created by negation affects only specific types of dependencies,

particularly those involving manners and degrees.

(9) a. * How do you regret that you didn’t buy __ ?
b. What do you regret that you didn’t buy __ ?
c. * How many people didn’t John invite __ ?”

d. Who didn’t John invite __ ?”,

The fact that weak islands, no matter which type, only provide selective constraint, may
suggest that mechanisms for the weak island constraint are different from strong islands.
Strong islands are considered syntactic islands because they block any wh-element from
moving out (who, what, how, why, etc.). This uniformity—where no type of extraction is
allowed—suggests that the ban is a fundamental property of the syntactic structure itself.
Early syntactic accounts for strong island formulated syntactic principles like Subjacency
(Chomsky, 1973) or Barriers (Chomsky, 1986) which posited that strong islands arise from
structural boundaries (e.g., NP, S) that cannot be crossed in a single wh-movement,
capturing the robust ban on extraction. On the other hand, it has been a great challenge
for any account that proposed that weak island constraint, such as factive island in (9a),
or negative island in (9b) is caused by some syntactic property of negation or factive verbs
(as in the Relativised Minimality of Rizzi,1990). Moreover, despite various semantic
explanations proposed for weak islands, there is currently no coherent account that can
comprehensively explain all types of weak island phenomena. Here in this study, we only
focus on one specific type of weak island — the negative island caused by degree
questions or manner questions, which is generally considered to be a pragmatic island

constraint caused by presupposition violation (more detailed discussion see next section).
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Island constraints are not only theoretical grammar rules. Many studies in
psycholinguistics have found that island constraints can be imposed on the real-time
sentence processor. Much research has been done to explore the island sensitivity of the
real-time language parser. As the island constraint is closely related to the active gap
filling strategy for filler-gap dependency formation, the disappearance of active gap filling
effects is often taken as evidence for the effectiveness of an island constraint. A robust
and well-known effect in active gap filling, the so-called “filled gap effect”, has long been
used to snow how eager the parser is to fill the gap. As early as Frazier (1978) and Frazier
& Clifton (1989), they provided influential insights into how readers and listeners anticipate
a gap after encountering a wh-filler and exhibit processing slowdowns or misanalysis
when that position turns out to be occupied by an overt constituent. Subsequent works by
Stowe (1986) offered empirical evidence of this filled-gap effect in real-time parsing. Vice
versa, the disappearance of the filled-gap effect has also been used by many researchers
to demonstrate the island sensitivity of the real-time language parser, meaning that the
parser stops searching for a gap inside of an island domain when it recognizes one. Also
observed by Stowe (1986), the filled gap effect was not found in a subject-island domain
as shown in (10a). The NP “Greg's”, as part of a complex subject NP, was read just as
quickly as in its counterpart in (10b) where no filler-gap dependency is expected,

suggesting that no gap site is posited after the preposition “about”.

(10) a. The teacher asked what the silly story about Greg’s older brother was
supposed to mean.
b. The teacher asked what the team laughed about Greg’s older brother

fumbling.

Ever since, the blocking effect of filled-gap has been used in many studies to demonstrate
island sensitivity such as Pickering et al. (2015) in both their self-paced reading and eye-

tracking experiment; Bourdages (1992) ‘s self-paced reading study in French relative
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clause; McElree & Giriffith (1998)’'s speeded grammaticality judgment tasks in English
relative clause and Yoshida et al. (2004) ‘s self-paced reading study in Japanese relative
clause. Apart from the observation of the filled-gap effects using behavioral
measurements, supporting evidence also comes from neurobiological measurements.
Event-related potential (ERP) studies provide neurobiological evidence of how island
constraints operate in real-time. ERP measures brain responses to stimuli, with certain
components, like the P600, associated with syntactic processing difficulties. Kluender and
Kutas (1993) found that sentences violating island constraints elicited stronger P600
effects, indicating that the brain treats these violations as syntactic errors, reinforcing the

idea that island constraints play a crucial role in real-time language processing.

These findings suggest that the brain’s real-time processing parser is sensitive to island
constraints, to be more specific, strong island constraints, and actively prevents the
formation of illicit dependencies, as evidenced by real-time disruptions in sentence
processing. On the other hand, weak islands exhibit more subtle effects in real-time
processing. In Kluender and Kutas (1993), they show unbounded dependencies elicit
distinct ERP signatures (particularly a P600) when disrupted. Their results also revealed
that these weak island violations trigger measurable neural responses indicative of
syntactic difficulty. Although weak island effects were somewhat less pronounced than
those observed for strong island violations (e.g., relative clauses, complex NPs), the ERP
profile still showed that the parser was sensitive to the presence of the embedded wh-
phrase. The amplitude and scalp distribution of the P600 suggested that, even in “weaker”
contexts, the parser recognized these as illicit extraction sites. A more recent study by
Villata et al. (2020), employing acceptability judgment tasks and maze-based self-paced
reading, provides evidence that weak islands may influence active dependency formation
in ways comparable to strong islands. Their investigation examined a range of different
island types including both weak islands (e.g., whether-islands) and strong islands (e.g.,

adjunct islands and complex NP islands). Furthermore, eye-tracking experiments
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conducted by Cokal and Sturt (2022) show that one type of weak island — the whether
island exhibits a similar blocking effect for the filled-gap effect typically observed in strong
islands, compared with non-island condition, suggesting that the parser has real-time
sensitivity for both strong and weak islands. However, given the diversified nature of
different types of weak islands, results for one type of weak island do not speak for the
weak island as one unified category. Different types of weak islands might be originated
from different levels of grammatical considerations. Whether-islands are still considered

to be syntactic in nature with clear syntactic configurational boundaries.

The conflicts between the active gap search strategy and grammatical island constraints,
and the subtlety of weak island effects allow us to dig deeper about questions like: how
strong is the drive to actively search for a gap, and how strong is the grammatical
constraint that prevents this drive from filling the gap immediately in long-distance
relationships? Do the types of grammatical constraints matter when deciding whether to
override the active gap search? Specifically, will a syntactic (strong island) constraint exert
more influence than a semantic or pragmatic constraint (weak island) in preventing active
gap filling? The overwhelming maijority of psycholinguistic works on island constraints
focus on the strong islands which provide unambiguous and frequently occurring syntactic
constraints. Studies on the effect of weak islands are relatively rare as the weak island
constraints are more subtle and obscure. This study targets at the effects of negative
island constraints, which is one type of weak island constraint with a presuppositional

nature.

4.2.2 Discussions in Negative islands
Negative islands, as mentioned earlier in the previous section, are a type of weak island
referring to restrictions on certain kinds of movement in sentences containing negation.
In particular, the negative island constraint limits the formation of wh-questions in contexts

with negation, where extraction from a negated clause leads to ungrammaticality. For
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example in (11a-d), extracting a which-question over negation (11b) is generally judged
acceptable, but extracting a degree question over negation (11d) is unacceptable. Various
accounts have been provided for negative islands in different levels of representation. A
syntactic account has been proposed to explain negative islands by introducing negation
as a potential antecedent governor that oversees wh-movement (Rizzi, 1990). Rizzi’s
syntactic account divides the wh-movement types into referential and non-referential
expressions. A wh-expression assigned with a referential theta role can be extracted for
movement while a wh-expression without a referential theta role, e.g., degree expressions,
manner expressions, or measure expressions, cannot undergo extraction. Thus negation
as a potential antecedent governor rejects a non-referential wh-phrase to be extracted
over it but it cannot overrule a referential wh-extraction. Though Rizzi’s account makes
negative islands syntactically expressible, it does not necessarily suggest that the
negative island constraint is completely subject to syntactic analysis. It is ultimately a
semantic/pragmatic solution as noted by Kluender and Gieselman (2013) and also Rizzi
in his later works (2003, 2004). Similar solutions (by examining the properties of wh-
expressions) have also been given from a more semantic perspective. Szabolcsi and
Zwarts (1993) suggest that the semantic properties of wh-expressions denote whether
they can be legitimately extracted. Which- phrases, for example, demonstrate a
characteristic of being an unordered element in a set of discrete individuals, while other
wh-phrases, like manner expressions (“how”), degree expressions (‘how tall”), etc.,
indicate a domain that is not individuated. Negation only permits extractions to happen

with discrete individuals but rejects extractions with unindividuated phrases.

(11) a. Which man did John invite to the party?
b. Which man didn’t John invite to the party?
c. How many children did the dog scare?

d. * How many children didn’t the dog scare?
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Apart from focusing on the properties of wh-expressions, an alternative
semantic/pragmatic approach to explain negative island constraints pays attention to the
principles for the formation of the question. One presupposition of question formation is
that questions are subject to a principle of maximal informativity (Dayal, 1996), which
states that all questions require one unique answer that is maximally informative, i.e., an
answer set contains a true answer entailing all the other true ones (Fox & Hackl, 2006;
Abrusan, 2011). (11b) meets this presupposition in the way that a most informative
answer can be provided for this question, thus an extraction over negative does not cause
a degraded acceptability for comprehenders. Degree questions like (11d) violate this
presupposition. Because of the density of height, the true answer sets to this question are
open intervals, so it is impossible to find a minimal or maximal height to answer this
question that does not contain the actual height of John. As a result, it is judged to be
unacceptable to form such a wh-extraction. There is also another claim proposing an
existential presupposition borne by wh-questions supplement to the presupposition of
maximal informativity (Comorovski, 1989; Kroch, 1989). If a uniquely identifiable referent
that provides a pragmatically plausible answer as a contextually maximal informative
answer is introduced in the larger discourse context, then a negative island constraint is
rescued and such a question becomes acceptable. See examples in Kroch (1989) as in
(12a) and (12b). If no specific amount of money that wasn’t paid was given in the context,
then subject to the maximal informativity principle, a question like (12a) is unacceptable.
While if a unique amount of money is introduced into the previous context, or it can be
inferred that such a specific amount is mentioned in the previous context, then the
maximal informativity presupposition is considered fulfilled, and thus the question like (12b)

becomes acceptable.
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(12)
a. * How much didn’t you pay?

b. How much didn’t you pay that you were supposed to?

The presuppositional constraint accounts also explain why model verbs are able to rescue
a negative degree question, which cannot be explained based on the accounts focusing
on the properties of wh-expressions. Model verbs alleviate the presupposition requiring a

unique answer, see the comparison between (13a) and (13b).

(13)
a. * How slow didn’t he drive?

b. How slow shouldn’t | be driving?

Shifting from grammatical constraint accounts for the unacceptability of negative islands,
other studies go after a processing approach to understand the nature of negative island
phenomena. The central claim of processing-based theories (e.g. Deane, 1991;
Hofmeister & Sag, 2010; Kluender, 1991; Kluender, 1998; Kluender, 2004; Kluender &
Kutas, 1993) is that the avoidance of wh-extractions out of certain domains might be a
result of complex configurations that exceed the capacity of working memory system,
rather than the violation of grammatical constraints. The processing costs are generated
from a general processing perspective, that the unacceptability of negative questions is
caused by individual factors that create accumulated processing difficulties, rather than
by specific instantiation of grammatical knowledge. Gieselman and colleagues (2011)
identified three factors that are known to increase processing difficulties in general:
extraction, negation, and referentiality, and isolated each factor to see if that factor
independently elicits differences in sentence acceptability with and without island contexts.
In a series of acceptability tasks, they found robust effects of extraction types (subject-

extractions vs. object-extractions) and of referent types (which-phrase vs. how many-
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phrase) only in the presence of negation, while the effect of negation is prominent even
in the absence of these other factors. They argue that negation is an extra-linguistic factor
that modulates the acceptability of negative islands. However, it does not mean that island
constraints can be reduced to processing factors that intervene in working memory load.
There is also an increasing body of empirical evidence suggesting that the island effects
remain significant even when general processing factors are controlled in the
experimental designs (e.g., Sprouse, 2007; Sprouse, Wagers, & Phillips, 2012). What'’s
more, their data come from offline acceptability tasks in which time-sensitive processing
information is absent. The real-time status of negative island constraints has yet to be
investigated. It remains unclear whether a negative Island constraint can be rapidly
utilized by a real-time parser in sentence processing, or it is temporally ignored by the
parser and is revised in a later stage. By addressing this issue, we can gain a better
understanding of how the parser recognizes the properties that define an island domain,
and further contribute to the discussion of the cues that can be effectively utilized by the

predictive mechanism in language processing.

4.3 Article summary®

Constraints on long-distance dependencies arise not only from syntactic configurations
but also from semantic/pragmatic considerations. Negative islands, a type of weak island,
selectively constrain certain wh-dependencies that violate Dayal's (1996) maximal
informativity presupposition on questions, i.e., that the answer set contains a true answer
entailing all other true answers (Fox & Hackl, 2007; Abrusan, 2011). Negative degree
questions like *How tall isn’t John? Are judged to be unacceptable because they ask for
the minimal height interval that does not contain John’s height, even though such an

interval does not exist because the true answer set contains two mutually exclusive

3 Abstracts of Article 3 have been submitted for academic conferences including 2nd Annual Conference
on Experiments in Language Meanings; 29th Architectures and Mechanisms for Language Processing; 10th
biennial meeting of Experimental Pragmatics.
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subsets that do not entail one another, i.e. all intervals below John’s height, (0, heightjonn),

and all intervals above John’s height, (heightonn, ).

In general, strong island constraints are found to constrain long-distance dependency
formation in real-time. Prior research demonstrates that comprehenders actively posit
gaps for dependencies ahead of the input, revealed by slowdowns in reading times when
those posited gaps are filled by other material, the so-called filled-gap effect. Stowe (1986)
showed that comprehenders actively posit gaps for wh-phrases only in grammatical
positions, demonstrating that filled-gap effects only emerge when gaps are grammatically
licensed but not when they are grammatically inaccessible, e.g., inside subject islands.
Further research has found that comprehenders respect wh-island constraints (Traxler &
Pickering, 1996; Wagers & Phillips, 2009), reflecting the parser’s rapid use of syntactic

constraints to avoid positing illicit dependencies in real-time.

Whether comprehenders can use semantic/pragmatic constraints, such as negative
islands, in real-time is unclear. Compared to syntactic constraints, it may take
comprehenders more time to use presuppositions to block dependency formation, as
calculating presupposition violations may be a more complex process. We examined
whether negative islands are as effective as wh-islands at blocking illicit gaps in real-time.
If comprehenders respect presuppositional constraints on dependencies, then we expect
negative islands to be as effective as wh-islands in blocking a filled-gap effect. However,
if comprehenders are unable to rapidly use presuppositional constraints to prevent
comprehenders from positing illicit gaps, then we expect to see a filled-gap effect for
negative islands, but not for wh-islands. Experiment 1 examined the offline acceptability
of negative islands with (un)reduced relative clauses, to establish that comprehenders are
sensitive to negative islands in offline complete reading. Experiment 2 (self-paced reading)
and Experiment 3 (eye-tracking while reading) then investigated whether the filled-gap

effect which is blocked in wh-islands is similarly blocked inside negative islands.
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Experiment 1 is an acceptability judgment task (N=51, Items=24). We manipulated
POLARITY (Positive, Negative) and STRUCTURE (No, Reduced, Unreduced RCs). See
Appendix C: experiment 1 for the full stimuli list. While the presence of negation reduced
acceptability overall (Est. = 0.37, t = 5.16, p < .001), there was a significant interaction of
polarity with structure (Est. = 0.45, t = 4.23, p < .001). NoRC sentences (corresponding
incrementally to a potential temporary gap in RRCs in Experiments 2 and 3) were rated
much lower when negation was present (Est. =-1.64, t = -6.23, p < .001), suggesting that

participants are sensitive to negative island constraints offline.

Experiment 2 is a self-paced reading experiment (N=63, ltems=24). We manipulated the
ISLAND type (No-, Neg-, Wh-Island), to examine whether comprehenders actively posit
a gap inside islands (see Appendix C: Experiment 2&3, for the full stimuli list). A filled-gap
effect emerged in the first spillover region between No-Island and Wh-Island conditions
(Est. =46.0, t = 3.12, p = .007), showing that Wh-Islands blocked dependency formation
relative to No-Islands, but no significant difference was found between No-Islands and
Neg-Islands (Est. = 28.8, t = 1.87, p = .157). Visually, however, Neg-islands appear to be
intermediate between No-island and Wh-island conditions, suggesting some potential
online sensitivity to negative island constraints. To examine this time course more closely,

we followed up with an eye-tracking while reading study.

Experiment 3 is an eye-tracking while reading experiment (N=30; ltem=24). We used the
same experimental items from Experiment 2 to conduct an eye-tracking study, further
probing into the time course of real-time negative island processing. At the critical
adjective region, shorter reading times were found in wh-islands compared with no-islands
in first-pass reading (Est. = 80.06, t = 2.60, p = .038), go-past reading (Est. = 145.9, t =
2.57,p=.029) and total reading (Est. = 242, t = 3.25, p = .009), reflecting the effectiveness

of wh-islands in blocking illicit dependencies. However, no facilitation in reading time was
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found in negative-islands compared with no-islands in either first-pass reading (Est. = -
7.45,t=-0.25, p = .967), go-past reading (Est. = 13.6, t = 0.24, p = .969) or total reading
(Est. = 115, t = 0.918, p = .633). These results suggest that negative islands are indeed
unable to block active gap search. Furthermore, no visual trend was revealed, suggesting

in self-paced reading trend was spurious.

In conclusion, although comprehenders are aware of negative islands offline, online
results showed that they were unable to rapidly use this constraint to block active
dependency formation. This asymmetry suggests that the effects of weak (semantic)

islands take time to emerge, unlike strong (syntactic) islands which are more immediate.
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5 General Discussion

5.1 Main findings

This project is centered around the topic of predictive mechanisms in real-time sentence
processing, especially the ones involving long-distance dependencies. Many
psycholinguistic studies have already established a solid foundation that prediction is
involved in real-time language processing, however, there are still many unsolved
questions regarding the capacity of language predictive mechanism: how actively
comprehenders are engaged in prediction, how effectively comprehenders are able to
utilize the linguistic cues for prediction and how detailed the prediction projection can be.

Three experimental research projects were carried out to address these issues.

Article 1 focuses on the question of how actively comprehenders are engaged in making
abstract predictions without highly constraining contact that elicits specific lexical
prediction. To investigate whether animacy features can be pre-activated without relying
on a highly constraining context, representational similarity analysis (RSA) was applied to
EEG data. This study manipulated Chinese classifiers by their animacy constraints
(animal-constraining v.s. inanimate-constraining) and paired them with nouns across
three conditions: Congruent, Incongruent but Animacy-Matched, and Incongruent but
Animacy-Mismatched. Behavioral results for the button pressing responses revealed that
participants have faster responses (22 ms) for the Incongruent, Animacy-Mismatch
condition than the Incongruent, Animacy-Matched condition, likely due to additional
animacy violation. For the EEG results, a graded N400 effect was observed for both
incongruent conditions, with larger negativity for the additional mismatch in animacy,
which reflects the involvement of animacy in the processing of the semantic integration of
nouns and preceding classifiers. Of greatest relevance to the study was the RSA result:
the neural activity patterns following animate-constraining classifiers were more similar to

each other compared to those following the inanimate-constraining classifiers. The
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similarity effects were significant from ~200 ms before the onset of nouns. This result
cannot be explained by lexical-semantic processing of the classifiers across conditions
because they were matched well in semantic similarity structure and other linguistic
properties. This finding is further confirmed by the matched ERP amplitudes across
conditions during the presentation of classifiers. We suggest that the similarity difference

reflects the pre-activation of semantic similarity of animal and inanimate nouns.

Article 2 focuses on the questions of how effectively comprehenders are able to utilize the
linguistic cues for prediction and how detailed the prediction projection can be. Based on
Article 1, Article 2 investigates whether comprehenders are able to further utilize the
predicated animacy features to guide gap site anticipation in gap-filler dependency in
Chinese head-final relative clauses based on semantic plausibility. An offline sentence
completion task, an eye-tracking while reading experiment, and a self-paced reading
experiment were conducted to investigate the role of animacy features in predicting gap
sites in Chinese head-final relative clauses. The results of the sentence completion task
show that a classifier-verb sequence elicits the production of different relative clause
constructions depending on the animacy of the classifier. Inanimate classifiers lead to the
generation of an object-gapped relative clause with the null subject which is otherwise
dispreferred (Frazier, 1987; Kimball, 1973; Hsu, 2006). Animate and general classifiers
both generated subject-gapped RCs, in line with the general preference. These findings
suggest that classifier animacy cues are effective in guiding the construction of different
relative clauses. Consistent with this completion study, the eye-tracking and self-paced
reading experiments find real-time effects of classifier animacy on gap preferences. An
inanimate classifier guides the parser to predict an object-gapped relative clause which
facilitates the reading of a relativizer that occurs immediately after a transitive verb, while
an animate classifier reinforces the prediction of a subject-gapped relative clause and
creates reading disruption on a transitive verb-adjacent relativizer. The distinction

between reinforcing a subject-gap relative clause analysis and prediction of an object-gap
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relative clause analysis is made clearer in comparison to the general classifier which lacks
animacy features and is consistent with either noun type. Both facilitation with inanimate
classifiers and disruption with animate classifiers on transitive-verb-adjacent relativzers
were found relative to the general classifier condition, suggesting that marked animacy

features drove predictive structure-building.

Article 3 addresses the question of how effectively comprehenders are able to utilize
linguistic cues for prediction. To start with, we confirmed that comprehenders are aware
of negative island constraints offline in Experiment 1. The results show that, during off-
line complete reading comprehension, negative degree questions are rated much lower
than positive degree questions, suggesting that participants realized the violation of
maximal informativity and thus considered negative degree questions to be unacceptable.
An interaction between polarity and sentence structure suggested that relative clause
island effectively blocked the scope of negation, rescuing the acceptability of negation
with relative clauses. More importantly, using real-time experimental measures,
Experiment 2 and Experiment 3 demonstrate the differences in time course when parsing
different types of islands. We first confirmed the typical findings that strong islands can be
utilized by the parser to block the active gap searching within island domains in both
experiments. Then we demonstrate that the negative islands, on the other hand, cannot
block the filled-fap effect caused by active gap filling and the reading patterns of negative
islands are consistent with no-islands. Experiment 2 found the filled-gap effect in wh-
island at the critical region, the first spillover region, and the second spillover region. While
no effect was found in negative islands at the critical adjective region or any spillover
region, though seemingly there was a trend towards faster recovery from the filled-gap
effect at the spillover region. Using more fine-grained reading time measures, Experiment
3 replicates and solidifies the findings about the strong island’s blocking effect in
Experiment 2 and also further clarifies that the trend of numerically faster recovery from

filled-gap effect at the spillover region in negative island condition was spurious. It is
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evident by shorter reading times in strong island condition observed at the critical
adjective region and spillover region with multiple reading time measures including first-
pass reading time, go-past reading time and total reading time, and by no significant

difference between negative islands and no-islands in any region in all reading measures.

In conclusion, Article 1 provides neurobiological evidence that Chinese classifiers can
elicit animacy features prediction without specific lexical activation, meaning
comprehenders are actively engaged in semantic prediction even in less-constraining
context. Building on the finding in Article 1 and the robust observations of active gap
search strategy during real-time sentence processing, Article 2 demonstrates that
comprehenders can further utilize the classifier-elicited animacy features and the
semantic plausibility of the animacy features for the thematic roles, to predict the plausible
gap sites in the head-final relative clause structure in Chinese. Article 3 probes from a
different perspective and targets at how effective are pragmatic cues in guiding active gap
search in filler-gap dependencies in comparison with syntactic cues and the results
suggest that presuppositional negative island constraint is not as effective as strong
syntactic island constraint in blocking the active-gap search out of the constrained
domains, meaning there might be different timings for linguistic cues from different levels
to take effects, and pragmatic cues might take longer to compute and take effect on the

real-time sentence processing.

5.2 Integrative Discussion

The three studies in this thesis touch upon different aspects about the scope and
limitations of predictive mechanisms in real-time language processing involving long-
distance dependency. Detailed discussion on the specific findings in each study can be
found in the discussion section within each Article (see appendix). Here in this integrative

discussion section, we highlight some points from a broader perspective.
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Teasing apart feature-driven prediction and lexical-driven prediction

Articles 1 and 2 of this thesis collectively provide critical insights into the mechanisms of
predictive processing by distinguishing feature-driven prediction from lexical-driven
prediction. This distinction is fundamental in understanding what exactly triggers
prediction in real-time language processing. As discussed earlier in the introduction, many
experimental paradigms that elicit prediction in previous studies often heavily rely on the
prediction of specific lexical items. When a highly constraining context elicits the prediction
of a specific lexical item (e.g., “milk” as in “in the morning | would like to have a cup of
coffee with sugar and __”), it also pre-activates relevant features of this lexical item. As a
result, we cannot know if abstract features can be predicted and projected in the
anticipatory processing independent from lexical activation. Another example is that it is
always the head that triggers the active gap search in head-initial constructions (e.g.,
“book” as in “The book that the girl read ___is fascinating.”). The head is a lexical item in
perfect form to provide all relevant linguistic cues for the comprehenders to actively search
for the potential gap site. As a result, we cannot tease apart which feature(s) (e.g., number,
gender, animacy, word class, affix) can function as the driving force in the search for a
potential gap or whether it has to be a lexical item in full form to trigger the predictive
search. Classifiers provide a suitable test ground to tease apart semantic features from
lexical items and head-final relative clause construction which reverses the positional
relative between the filler and the gap, allows for gap anticipation without the filler being
present. The results from Article 1 and Article 2 demonstrate that an abstract feature alone,
i.e., animacy feature, can be preactivated and can be utilized to trigger further structural
prediction, i.e., gap site anticipation. It suggests that prediction can operate at a higher
level of abstraction, activating categories (e.g., animate vs. inanimate) or broad semantic
properties without linking to a specific word. It also adds evidence for language processing
models that support feature-driven processing. Feature-driven models of language
processing propose that linguistic comprehension and prediction are guided not just by

specific lexical items but by abstract features (e.g., semantic categories, syntactic roles,
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or morphosyntactic properties). These models highlight the flexibility and efficiency of
using high-level information to constrain possible interpretations, especially in contexts
where lexical specifics are ambiguous or unavailable. For example, Pickering & Garrod’s
(2013) Interactive Alignment Model argues that predictions are formed at multiple levels
of representation (phonological, lexical, syntactic, and semantic). Feature-based
predictions offer flexibility, allowing comprehenders to anticipate the general properties of
upcoming input without committing prematurely to specific lexical items. This reduces the
risk of costly reanalysis. Our results are also aligned with Surprisal Theory (Hale, 2001)
which believes that predictions are based on probabilistic expectations. Abstract features
like animacy reduce surprisal by constraining possible outcomes, even when specific
lexical predictions are unavailable. Our results reinforce the idea that abstract features

are a core component of these probabilistic computations.

Risk and modulation for predictive processing

Prediction in language comprehension trades efficiency against risk. By pre-constructing
upcoming semantic features and syntactic structures, the parser can speed up
interpretation, but at the cost of occasional mispredictions and reanalysis (Kuperberg &
Jaeger, 2016). The results from Article 2 and Article 3 speak directly to how this balance
is managed. On the one hand, animacy-constraining classifiers in Mandarin are exploited
as reliable cues: comprehenders use them to anticipate semantic properties of upcoming
nouns and to project gap sites in head-final relative clauses, thereby reducing processing
effort in structurally complex configurations. On the other hand, comprehenders fail to
consistently use presuppositional negative island constraints in English to modulate their
predictions, even though these constraints are robust in off-line judgments. This
dissociation suggests that the parser prioritizes cues that are both grammatically
entrenched and locally available (such as classifier-encoded animacy), while weaker,
context-dependent pragmatic cues are less likely to be recruited as real-time prediction

triggers.
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These findings bear on the relationship between grammar and the parser. Grammar,
understood as the abstract system of rules and constraints, provides a rich set of potential
guides for prediction, but the parser is a resource-limited, dynamic mechanism that
implements only a subset of these constraints in real time. Article 2 shows a close
alignment between grammar and parsing: classifier-noun agreement, animacy plausibility,
and active gap search all shape both online measures and off-line judgments, indicating
that certain grammatical constraints—especially those tied to locality and grammaticized
features—are readily available to drive prediction. Article 3, by contrast, reveals a
misalignment: negative islands show weak or delayed online effects despite clear off-line
penalties. This pattern suggests that some presuppositional constraints are computed
more slowly, or perhaps belong to a downstream interpretive component that evaluates
complete propositions in context, rather than to the core feature system that licenses
predictive structure building. In this sense, grammar is a necessary resource for prediction,
but not all parts of grammar are equally accessible or equally weighted in real-time
processing. The parser appears to rely most heavily on strong, early-available
constraints—such as animacy and syntactic islands—while more global pragmatic

constraints play a limited role in modulating prediction during incremental comprehension.

Theoretical Implications of Predictive Mechanisms

Collectively, the experimental findings from the three studies in this thesis allow us to take
a more precise stance on the theoretical landscape of predictive processing mechanisms.
As outlined and discussed in Chapter 2, we will evaluate the prediction triggers, prediction
content and the algorithmic architecture of prediction. With respect to prediction cues, our
results argue against the strict syntax-first view, while at the same time, also oppose the
fully interactive view in which all cues are equally available to the parser. Article 1 and
Article 2 show that animacy features encoded in classifiers, which carry strong semantic
components, can be utilized as primary triggers for prediction. EEG representational

similarity analysis results from Article 1 demonstrate that animacy information carried by
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classifiers alone is sufficient to elicit different spatial patterns of brain activities related to
the animacy features of the underspecified nouns before they appear. The results of head-
final RC processing in Article 2 demonstrate that the same classifier animacy cue can
actively guide predictions about the type of RC and the location of the gap inside an RC.
These findings support interactive and expectation-based models in which syntactic and
semantic cues are used jointly and very early, and they resonate in particular with
architectures such as SPARSE and modified left-corner parsers, where semantic features
are integrated into the grammatical feature bundles that license prediction. However,
results from Article 3 suggest that not all cues are equally active as syntactic constraints
and animacy constraints: strong syntactic island constraints robustly block active gap
filling, while presuppositional negative island constraints fail to modulate the early active-
gap search. This asymmetry suggests that there is still a hierarchy in the effective timing
and weight of cues. A more appropriate view is that prediction is driven by interactions
among an extended set of grammatical constraints, including core syntactic locality
constraints and tightly grammaticized features such as classifier-encoded animacy, all of
which are available early in processing to guide prediction. As for pragmatic constraints,
even when they are indeed grammatically relevant, they are computed more slowly and

do not reliably trigger predictive operations in time.

In terms of prediction content, the results provide clear evidence that prediction is neither
restricted to coarse structural skeleton, nor always tied to highly specific lexical items.
Article 1 shows that, in the absence of a deliberately highly constraining context,
comprehenders can still predict abstract animacy features without committing to a
particular noun. This finding suggests feature-driven prediction can be cleanly separated
from lexical prediction. Then Article 2 demonstrates that these predicted features are not
epiphenomenal: classifier-elicited animacy is used to shape the choice between subject-
and object-gap RCs and to anticipate gap locations in a head-final RC construction, which

is rather detailed structural configurations. It is precisely in line with the “feature-annotated

67



structural prediction” that SPARSE was designed to capture, positing underspecified
predicted heads characterized by feature bundles and only later resolving them into fully
specified categories and heads once licensing relations are satisfied. The present data
thus lend empirical support to feature-based predictive architectures and extend
expectation-based models by highlighting that what is predicted, in many cases, is a
layered representation in which semantic feature bundles constrain a space of possible
upcoming syntactic structures. Our findings also further inform our understanding of
prediction commitment, that is, how “risky” the parser is in using its predictive capacities.
Across the three studies, the human parser appears to be strikingly eager to pre-construct
dependencies: animacy features are pre-activated in relatively weakly constraining
classifier contexts, classifier plus verb and relativizer combinations are used to anticipate
specific relative clause structures in Mandarin, and the parser continues to posit gaps in
positions that violate negative island constraints in English. This profile aligns closely with
the “hyper-active gap filler” view (Omaki et al., 2015) and with Crocker’s characterization
of the parser as “even more eager than a strictly incremental integrator”, constructing
anticipatory hypotheses beyond what is strictly required. Article 1 shows pre-activation of
semantic features even when not strictly necessary for structure building. The classifier-
driven animacy prediction is in addition to what a minimal integrative parser would need.
Article 2 shows that the parser uses subtle classifier animacy cues to commit early to
different RC types and gap positions in head-final structures, despite the well-known
complexity and ambiguity of such configurations. Article 3, though suggesting that
presuppositional constraints cannot modulate gap expectations, on the other hand, shows
that the parser is eager to posit gaps inside negative islands, where such gaps will
ultimately be judged as unlicensed. However, the eagerness of the parser does not
necessarily mean hard commitments. The commitments are graded, and the parser can
be constraint-sensitive. In Article 1, the predicted content remains at the level of coarse-
grained animacy, rather than committing to a specific lexical form, which reduces the cost

of prediction errors. In Article 2, the comparison between a human classifier and the
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neutral general classifier, and the comparison between an inanimate classifier and the
neutral general classifier, show intermediate patterns, meaning the structural commitment
to the gap sites is graded. These findings portray the parser to be strongly predictive and
risk-tolerant, but non-deterministic, consistent with probability-based models, expectation-
based models, and with SPARSE’s very soft commitment strategy in which multiple
feature-compatible continuations remain available until licensing forces a more specific

choice.

Taken together, our results point towards a refinement of the algorithmic architecture that
underlies predictive mechanisms. Chapter 1 has already discussed that human sentence
parsing must be at least partially top-down to maintain incrementality in head-final
constructions. In the particular case of classifier-mismatch configuration as a cue for
head-final RC construction in Mandarin Chinese, a left-corner parser lines up more cleanly
to use the “classifier + verb mismatch” to predict an RC, though a sufficiently enriched
top-down parser can be made to do it too. In the classifier-mismatch paradigm, the key
moment is when the parser sees a classifier and then encounters a verb in a position
where, under a simple NP continuation, it should be a noun. The CL + V sequence is
incompatible with a simple CL + N NP construction, so this mismatch forces the parser to
posit some extra structure, in which the verb is inside a relative clause modifying the
unseen head. A top-down parser projects this structure from the top NP downward, based
on phrasal rules and structural principles. When seeing a classifier, the parser already
predicts that there will be a head noun showing up, and if the grammar or the structural
principles implemented in the parser allow, it can optionally project an RC as well in the
NP. But in this case, the classifier mismatch is not what drives the RC prediction. It might
serve as a reanalysis cue when the parser only predicts a simple CL + N construction, but
the CL + V mismatch is not the initial source of prediction. By contrast, a left-corner parser
is built to use exactly this kind of local mismatch cue as the engine of prediction. It starts

bottom-up from the left corner of a constituent and then projects upward. In the case of
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the classifier mismatch in Mandarin Chinese, the parser first recognizes the classifier as
a part of some NP projection. Then, when it encounters a verb, which is not compatible
with the simple NP rule with CL + N, it moves up to a larger structure that can host a verb
in that position, and such a hosting structure has to be an RC modifying the head N. So,
in a left-corner architecture, the classifier mismatch triggers the parser to project an RC
and anticipate a later head N. To further account for the observation that animacy features
extracted from classifiers can act as early and powerful triggers for predicting RC type
and gap location, a SPARSE-style feature-based left-corner parser fits our data the best.
In SPARSE, when the parser encounters a classifier, it immediately creates a predicted
head in the derivation, but this head is represented as a bundle of features rather than a
fully specified category or lexical item. Our results show that animacy features should be
encoded and plugged into the feature system that drives prediction and verification. When
the parser encounters the verb, the mismatch suggests that the verb is the left corner of
an RC, then the parser must choose how to expand the structure: toward a subject-gap
RC or an object-gap RC. Because the predicted head already carries an animacy feature,
the two RC schemata are evaluated relative to that feature bundle. A subject-gap RC is
very compatible with a [+human] predicted head, so it is strongly favored after a human
classifier; an object-gap RC is more compatible with a [- human] predicted head, so it
becomes the preferred continuation after a non-human classifier. The gap location is
therefore biased before the head noun appears, and the choice is explicitly driven by the
classifier’s feature contribution. At the same time, a feature-based SPARSE parser can
also explain the asymmetry of island sensitivity between wh-islands and negative islands
as observed in Article 3. A strong island like wh-island is a configuration where the
grammar rules define that a [+wh] filler cannot license a gap across an embedded [+wh]
clause boundary in the syntactic level. The feature bundle system of a SPARSE model
works exactly on the level at which wh-dependency features of a wh-island are encoded.
Thus, when the parser reaches a potential gap site inside a wh-island, the feature-

checking mechanism will not allow the dependency to be formed, so no predicted gap is

70



attached there and thus no filled-gap effect. While the presuppositional constraint in a
negative island cannot be reduced to local feature incompatibilities, like, “no [+wh]
dependency across the [negation] boundary”, though negation should be the point when
the comprehenders can realize the violation of the presuppositional requirement. The
combination of wh-extraction and negation is better considered as a constraint on the
interpretation of the whole clause. Thus in a SPARSE-style architecture, that means
negative island constraints are not part of the feature bundles that drive prediction and
licensing; they belong instead to a downstream interpretive/pragmatic component that

evaluates complete propositions in context.

In light of these considerations, the thesis supports a theoretical picture in which prediction
is best seen as implemented by a feature-guided, probabilistic left-corner architecture that
operates over underspecified feature bundles in the style of SPARSE, and maintains
graded, revisable commitments characteristic of expectation-based and constraint-based
frameworks. Within this architecture, the three core aspects of prediction that motivated
the thesis can now be more sharply characterized: prediction is licensed not only by
syntax but by a restricted set of early-available localized features, especially animacy,
while presuppositional constraints that work on the interpretive level of the whole clause
are not included as prediction triggers. Prediction content is layered, ranging from feature-
level properties to detailed structural configurations such as gap positions. And prediction
commitment is eager in the sense of hyper-active dependence formation, but soft in that

it remains probabilistic, feature-based, and sensitive to a hierarchy of constraints.

5.3 Limitations
There are some limitations of the studies, and they can mainly be categorized into the
following three aspects. The first limitation is the sample size. Unlike recruiting participants

for online tasks, the number of participants for a lab-based eye-tracking experiment was
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limited by many external factors. The data collection for Article 1 and Article 2 happened
during the Pandemic time. Therefore, there was a limited and restricted pool of
participants available for the experiments. We made sure that the sample size for all
experiments is comparable with previous studies which use similar experimental
paradigms. However, we are looking for the utilization of subtle linguistic cues in
sentences with complex structures, thus a larger sample size would be more helpful for

the sake of getting robust effects.

The second general limitation is the potential influence of bilingualism. The data collection
for Article 1 took place in the Institute of Psychology, Chinese Academy of Science, Beijing,
and the data collection for the eye-tracking study in Article 2 took place in the Language
and Brain Lab in the University of Oxford. Although the participants for Article 2 are all
native speakers of Mandarin Chinese, given the fact that they all currently live in the UK,
the influence of English is inevitable. It is not clear how bilingualism and the frequency of
L1 and L2 usage influence on their relative clause processing and the utilization of

classifier animacy cues.

Another potential concern is the narrow Region of Interest for the relativizer in Mandarin
Chinese characters in Article 2. Unlike English, where words are alphabetic and separated
by spaces, Mandarin Chinese uses logograms and most words in Mandarin Chinese are
monosyllabic or disyllabic. It means word lengths in Mandarin Chinese are often short.
Moreover, there are no clear spaces to indicate word boundaries, making it hard for word
segmentations. The critical Interest Area in Article 2 was the relativizer region. The
relativizer “de” in Mandarin Chinese is a monosyllabic functional particle. Due to its brevity,
issues such as character skipping or inaccuracies in identifying fixation points might
potentially affect eye-tracking data analysis. This issue is consistent for all experimental
conditions, thus comparisons of reading time with each condition might be not greatly

affected. However, the eye-tracking measures would be more accurate if there was a
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proper way to solve this problem. Additionally, the visual complexity of Chinese characters,

which can vary significantly between characters, may be one potential compound factor.

There are also some limitations concerning experimental design. In Article 1 and Article
2, we investigated the effect of animacy and selected some classifiers that modify
distinctive animacy groups. However, animate/inanimate distinction is a spectrum rather
than strictly categorical. Some noun groups that fall in the middle of the animacy hierarchy,
such as plants (living but rarely taking Agent role in thematic position) or natural forces
(like wind and storm, technically non-living but share some Agent features), are left
unexamined. Article 3 also has a limited focus on specific types of negative islands. We
only looked at negative islands that are caused by the maximal informativity
presupposition on degree questions (e.g., how tall...) and number questions (e.g., how
many...). The negation on these questions leads to infinite answers which violates the
presupposition that there should be a maximal informative answer for the question.
However, other negative island situations, even other types of weak islands are left
unexplored. The results that we have found in Article 3 might not be generalizable for
other types of negative islands. There is a further remark concerns the experimental
design of Article 3. By manipulating the island types (WH-island, Neg-island, and No-
island), we in fact manipulate two factors: negation and the presence of a WH-filler. Then
a more effective and more commonly adopted experimental design should be a 2x2
factorial design with Polarity (Negative vs. Positive) and Island type (Present vs. Reduced),
to better isolate the factors. Our initial design was indeed such a 2x2 design manipulating
Polarity (Negative vs. Positive) and Island type (Present vs. Reduced). However, during
piloting and initial data analysis, we found that the combination of a negation and a relative
clause (e.g., How tall did Mary think the girl who was hoped not to be famous by her
parents was before she went to college?) resulted in sentences that were syntactically
and semantically more complex than the other conditions. This asymmetry made it difficult

to construct natural and comparable items across all cells of the 2x2 design. To ensure
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experimental balance and interpretability, we therefore opted for a 1x3 design (No-island
vs. WH-island vs. Neg-island). This approach preserved the central contrast, which is to
test whether sentential negation behaves as an island boundary, while avoiding potential
confounds introduced by unnatural or structurally unbalanced materials. We believe this
adjustment yields clearer results regarding the effect of negation on filler—-gap dependency

formation.

5.4 Future directions

One possible direction for future work might be to expand the semantic and pragmatic
dimensions. In the present projects, the animacy feature is selected as one representation
for semantic cues while future work could incorporate a wider range of semantic features
(e.g., eventivity, instrumentality). Expanding the examination to a wider range of semantic
features can give us a better idea about how these features interact and compete during
comprehension and can further illuminate the hierarchical ordering of constraints and
whether certain semantic or pragmatic cues are more readily integrated than others.

On the other hand, going deeper into the Animacy Hierarchy is another possibility. As
mentioned in the limitations, animacy is not a binary category split between an animate
group and an inanimate group. It functions as a spectrum, reflecting various degrees of
animacy. Research on more categories in the middle of the Animacy Hierarchy can
provide us with a more detailed picture of how animacy works. Moreover, animacy
hierarchy influences the grammatical patterns in languages and it is even grammatically
marked in some languages (e.g., Russian, Polish). However, different languages vary in
how they draw the line between animate entities and inanimate entities. Investigations
into whether people perceive animacy differently according to their native languages is

also an interesting topic.

Another possible direction is to integrate the findings in these projects and use them to

fine-tune the computational models that involve prediction. Computational models—
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ranging from probabilistic Bayesian frameworks to large-scale neural network models—
could be used to simulate and predict comprehension behaviors across experiments. By
comparing model predictions with empirical data, researchers can identify which
computational architectures best capture the interplay between semantic, syntactic, and
pragmatic predictions. One potential challenge is that the current computational models
of language processing might not be able to incorporate presuppositional grammatical
constraints as investigated in Article 3. It’s still debatable how to distinguish and recognize

the extra-grammatical (including world knowledge) representations.

One more possibility is to explore how predictive strategies vary with individual differences,
and language typological differences. Individual differences such as working memory
capacity, language proficiency, or domain-general cognitive control abilities might reveal
whether certain cognitive resources or experiences make comprehenders more adept at
leveraging linguistic cues from specific levels in real-time comprehension. There are
already some works focusing on individual differences in language comprehension. For
example, the work by lan Cunnings and Hiroki Fujita (2018) examines how individual
cognitive capacities, such as working memory and language experience, influence
sentence comprehension in both native and non-native speakers. Yadav and colleagues
(2022) looked into individual differences in cue weighting during language processing of
grammatical illusions. They found that participants varied dramatically in how they
weighed different cues during sentence comprehension. Some individuals prioritized
grammatical agreement cues while others relied heavily on word order cues. How these
biased weighting of different linguistic cues affect predictive processing is a promising

topic for future work.

Language typology can also play a role in cognitive resource allocation and parsing
strategies. For example, for Chinese classifier cues in Article 1 and Article 2, work can be

done to test parallel paradigms in languages with different morphosyntactic properties and
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fewer (or more subtle) classifier systems (e.g., Japanese), to establish the universality of
these findings. Such research would clarify to what extent the observed predictive
strategies are grounded in universal cognitive mechanisms versus language-specific

routines.

By pursuing these directions, we can deepen our understanding of the intricate, multi-
level predictive machinery that underlies language comprehension. Over time, this will
lead to a richer theoretical model that integrates various linguistic domains and cognitive

processes into a cohesive framework of predictive language processing.
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7 Appendices
APPENDIX A: EXPERIMENTAL ITEMS FOR ARTICLE 1

Classifier type Classifier subtype Classifier Noun Noun_type
animate human —I E3 match
animate human —I PN= match
animate human —\ T match
animate human —I sk match
animate human —I (=] match
animate human —I EIES match
animate human —I EE match
animate human —I = match
animate human —\ B9 match
animate human —I =B match
animate human —3 iy match
animate human —3 BE match
animate human —3 BT match
animate human —3 =il match
animate human —3 HE match
animate human —3 Jex= match
animate human — E4 match
animate human —3 B match
animate human —3 Bl match
animate human —3 AA match
animate human — g match
animate human — XIm match
animate human — AT match
animate human — Tl match
animate human — Bt match
animate human — BA match
animate human — Z=h match
animate human — X% match
animate human — fEAN match
animate human — =Im match
animate animal —R i match
animate animal —R =8 match
animate animal —R EZE match
animate animal —R x5 match
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APPENDIX B: EXPERIMENTAL ITEMS FOR ARTICLE 2

Experiment 1: sentence completion

EWR like
General CL
Human CL
Non-human CL

it X hate
General CL
Human CL
Non-human CL

¥ #. cherish
General CL
Human CL
Non-human CL

At 2] knock down
General CL
Human CL
Non-human CL

EE tosee
General CL
Human CL
Non-human CL

#.0 worry
General CL
Human CL
Non-human CL

i## recommend
General CL
Human CL
Non-human CL

% favor
General CL
Human CL
Non-human CL

A Z R
AL = 3
EER

AAHE_
AR
AITHE__

AN
DR
MED R

AARE

Afraifa
A 4 b 3|

AANEE_
MEEF
A EE

mAES
e
AEES

AANEE
At
AAEE

AN mE
AfE
AEmE_
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7 & mind
General CL
Human CL
Non-human CL

# % bring
General CL
Human CL
Non-human CL

# A& take
General CL
Human CL
Non-human CL

2 4 learn
General CL
Human CL
Non-human CL

E 5] toask
General CL
Human CL
Non-human CL

PE1C, think about
General CL
Human CL
Non-human CL

5 £| smell
General CL
Human CL
Non-human CL

" 2| hear
General CL
Human CL
Non-human CL

4 & repost
General CL
Human CL
Non-human CL

ANER
AER
MHER

AR
Ak
AET R

AL
Ak
Z1Fi T S

A%

T
MRS &

AAEE
AR EE
AEEE_

ARAER_
ARALPEID
ARAMERR_

AA- 8 2

AR Az 7] 2|

AR R ] 2

AR

AL
AN 2% 77 2

ZI M S
ZI B2y S
AR
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# | pick up
General CL
Human CL
Non-human CL

¥k £ erase
General CL
Human CL
Non-human CL

3T B break
General CL
Human CL
Non-human CL

1| push down
General CL
Human CL
Non-human CL

R empty
General CL
Human CL
Non-human CL

"7 7 eat PERF
General CL
Human CL
Non-human CL

37 sale PERF
General CL
Human CL
Non-human CL

17 cut
General CL
Human CL
Non-human CL

% pour
General CL
Human CL
Non-human CL

A e
ok I
ksl

AARE_
MatkE_
ABRE_

WAATH
AfITH
MWAATH

A4 Bl

Al 4 4 Bl

b2

AAE =
A4 E =
ARTRIE =

AT
ALz 7
Apee T

AT
Ay
=T

AT
ey
AEIT_

Al

7l 4 8l

AR AR 8l 4
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1 throw
General CL
Human CL
Non-human CL

B % waste
General CL
Human CL
Non-human CL

% lift up
General CL
Human CL
Non-human CL

# 2| find
General CL
Human CL
Non-human CL

AT
AL
AT

AR IR 3%
CLEAR
AR BLIR %

AR
CI R
ARER_

ARAEE
ARk E
AL
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Experiment 2: Eye tracking

Sentences Condition
AN ENAEHEIBAEHNTHET general
ML EZHEWTOAEET ERELE HRK, human
ATk BB ARAT FALEB 0 AR T 3K AT non-human
MNP HENAEECE T ERE ST T general
MELTEANMILEEEFES 5T . human
Mk ENERAEETEHREENT non-human
AT RN — B D2 general
it RAFTFEAF—NME L2, human
AT RARBELTHRELZET non-human
AR 2 B /N SE PR b R o R R U T general
AN 4 SEH B /N TR A S KM SRR human
MHEEZEANFREIGIEZ T \HLHEE, non-human
ARA B i STTAR AT A 18 A2 B R K S general
ML ERNERTMABGREET LXK, human
MAEREHAAREMIM LA L, non-human
ARAEIC IR E B Rt T LB RPZE| T general
AALPE TR S IREA RSP LA R T human
AGIE L ERARREER TS T o non-human
ARATT T B9 0 R IR A kA8 B 2 R 1 general
AN 1T B % F 2 N R AF R Ak B R B human
AT B ZRINAE A 2 2 H K8, non-human
AR ENRLE L EETRT AERE, general
ALk A HFANMAFBEEE DAL F, human
AR FRTIT G — T — T non-human
A FR W TE AT T F %, general
MaHEHROWABLEZLHET FHFH human
AR AN B ERFHT A FEE, non-human
MNERWTAREALNTE. general
AN 4 2 R B ARR S S B T | human
MMERARTRBEMEET NEHEET L. non-human
A ETEEET —KERA general
AN 4 46 5] B9 A T L | T T B R R human
A 1 B AR BRI AN 8 B8 HAE, non-human
AN EENERZET ] KEFENEE general
MuEENFERET ZTF £ —iEE, human
MEEFENETHRGF T BT FREET L, non-human
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Experiment 3a: self-paced reading: non-human vs general classifier

Sentences Condition
MkmENTRELLZE T/ \HLWEE, non-human
AN AN REEZZ T/ \HAHWEE, general
Mew WA EORE £ANER, non-human
MANwENA R EmREEADLNE R general
AGIE L ERARREER TS T o non-human
A TR L RARREEX T4 T o general
AR E FF R B W AREA AT S non-human
AN EF R B EWAREA RKAET general
AKX NE 2+ FrRAT— R, non-human
AR R T RAT—RIEN general
MERGH R RS RREHRE, non-human
ARG 0y 2R A W E W RE general
AR ENE TR NZRAFETET non-human
At B B 8 T AR N TR R K T % T . general
MMERERARTRBEMRET NEHNEET L. non-human
MAEENRTFRBEHRET NENEF L, general
AMH L EHNFINESFHIRE K non-human
AN FIRASFNIRE XK general
AR FRTIT G — T — T non-human
AR ERIDI G — T — KT . general
MERmBEAKNEZRERET non-human
AN E AL EERERET general
MEREZANINKILT R 2 9E A, non-human
M EHRR LT AR 2B, general
AT B 2NN A A B 2 H &8, non-human
AT EREZRINAE A 22 K8, general
Mk ENEREETEHEENT . non-human
MANTENEREETEHEENT general
AT RARBEELATRELL T, non-human
MM T REORELTHRELLT general
MERFMA B REBAEER KT A FEE. non-human
AR A R RRHE T A FEAE. general
AN 1 B R AR R BRI AN 8 B8 HAE, non-human
A B ZAEE FROAANI 8 B8 HEE, general
MEEFENETHRGF T BT T REET L, non-human
MNEFENETHRGE T BT REETE, general
MAEREHAIAREMIM LA L, non-human
AN EREHAAREMIM LA general
MEL PR XCERFIEAET YA L, non-human
AL PR X ERFIEAET YA L, general
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e RN ERANE —BREZNEE.
AR EWFRRANE — R EZNEE.
MUEERNE AR EREMNNEER,
AN ERNE—AHNEREMNNEER,
MAKFNNEILH S T HeIEN R R,
MANKFNNEILH A T HeIEN R R,
BB E L — H R FEERNS K,
N2 B B — B RAF AR QK
ARG E T EFHFAITENKE.,
MATEHETFEFFAITENKE.
AR AT 3B L E A mak,
AT 3B L E A mad,

A BEEF+ o RF, FEANFAERT K.
AN BT F+ 2T, FEANFAERT K.

ARG AR ELETHA =847 .
BRI AR ELETHA =847 .
A BLR S By E 7 AR B RARE
AR E 7 R BT RARE
ATTBUH B R T 2 B B F £ WS R .
AABUHBY T 2 B H B F £ WS R .

non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
non-human
general
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Experiment 3b: self-paced reading: human vs general classifier

Sentences Condition
AL AR B B9 A F] B A R B AEE human
AT EIWAEA T RE B B AIEIE general
AN 44 H LA B FIRFA human
ARA T IR AT A AR & B AR TEA general
MLEFNZTERETRES ST . human
MNEFHNEZTFEREZRES ST, general
MaRAMZEHELFHMEH D, human
MNKANZEZELHHMES D, general
AL R v B B N A & BIE I RE human
AR 0y B N A B ZIHWRE general
MG B TAT 2 NRHE T ZR R, human
AANBREIN T A T2 WREE T ZAR—HR, general
Mew BN ERENRE CH R EE, human
AN BB ERERECH —RH R A, general
AT IR BT A B AR FHRAL. general
AL B B9 T A B AR AL. human
ML HEWNNZEEEE T E4ERXE, human
AN NZEERE T FERE, general
ALK F B F AR T AW R %0, human
AR EHFEAA R T AN R %, general
ML EBHNEACEBRTE, human
AN EEHNEACLETENE, general
MM ZEAFERFERXET % —, human
MamZANFERFERAGET % —, general
AN 7= B AL BA 5 K8 B R o human
ARA = B9 ILBA 2 K8 HE R 7 - general
ALt R FAREL T — MR 22 human
AT RO FAREL T — MR 22 general
AL REEAIEMZAHIAET human
ANERB AT EREZAMTIET, general
MafmEn/ Nz s T LK, human
A AW ZAE 2B T LXK, general
AN 4 8 B R A AR W R human
AR Bl o 4 A2 T R general
MfrEFEnFHExaE T —REE, human
AN EFENFEROLE T —AEE, general
AL E R L ZERREMERES human
MNERN L RERREAEZS, general
MaBRRAMERD FREFFXANNET human
MANMRRSMERD EREFFAXANNET general
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AL 2 o B P B T AL
AN P B H P B T A ARAL
A #IFH ZEERE TR E,
A #Fn ZEERE TR E,

AR S HE ARA TR E BT AT,
AN RSB EARAK TR E B CHET,

AL ERNEERFRFREZIANRT
TN ERNEERRFRFREZANRT
AN 4 f B S LI 46 AL 3 T

AR R B L T 46 A4 T
ALK T B B R BB

AR T o9 B B B REI R

AN H Sz e Bl = R B o B

AR i Sz H Bl = R B+ B
AR T TMARERIRT .
AN REEATTIMARBERIHT .
AMLBmBN L FREET £k,

AN BB DFRET £k,

LR EANTAHERT
AL R EATAHERT

human
general
human
general
human
general
human
general
human
general
human
general
human
general
human
general
human
general
human
general
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APPENDIX C: EXPERIMENTAL ITEMS FOR ARTICLE 3

Experiment 1: offline grammaticality judgment

Conditionl  Condition2  Sentence

gap negative How tall did Mary think the girl hoped not to be?

gap positive How tall did Mary think the girl hoped to be?

reduced negative How tall did Mary think the girl hoped not to be famous was?

reduced positive How tall did Mary think the girl hoped to be famous was?

relative negative How tall did Mary think the girl who was hoped not to be famous was?
relative positive How tall did Mary think the girl who was hoped to be famous was?

gap negative How successful did Lily think the attorney hoped not to be?

gap positive How successful did Lily think the attorney hoped to be?

reduced negative How successful did Lily think the attorney hoped not to be wealthy was?
reduced positive How successful did Lily think the attorney hoped to be wealthy was?

relative negative How successful did Lily think the attorney who was hoped not to be wealthy was?
relative positive How successful did Lily think the attorney who was hoped to be wealthy was?
gap negative How famous did Fred think the singer hoped not to be?

gap positive How famous did Fred think the singer hoped to be?

reduced negative How famous did Fred think the singer hoped not to be thinner was?

reduced positive How famous did Fred think the singer hoped to be thinner was?

relative negative How famous did Fred think the singer who was hoped not to be thinner was?
relative positive How famous did Fred think the singer who was hoped to be thinner was?

gap negative How objective did John think the editor hoped not to be?

gap positive How objective did John think the editor hoped to be?

reduced negative How objective did John think the editor hoped not to be strict was?

reduced positive How objective did John think the editor hoped to be strict was?

relative negative How objective did John think the editor who was hoped not to be strict was?
relative positive How objective did John think the editor who was hoped to be strict was?

gap negative How frank did Andy think the interviewer hoped not to be?

gap positive How frank did Andy think the interviewer hoped to be?

reduced negative How frank did Andy think the interviewer hoped not to be constructive was?
reduced positive How frank did Andy think the interviewer hoped to be constructive was?
relative negative How frank did Andy think the interviewer who was hoped not to be constructive was?
relative positive How frank did Andy think the interviewer who was hoped to be constructive was?
gap negative How popular did Mary think the kid wished not to be?

gap positive How popular did Mary think the kid wished to be ?

reduced negative How popular did Mary think the kid wished not to be quiet was?

reduced positive How popular did Mary think the kid wished to be quiet was?

relative negative How popular did Mary think the kid who was wished not to be quiet was?
relative positive How popular did Mary think the kid who was wished to be quiet was?
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gap
gap
reduced
reduced
relative
relative
gap
gap
reduced
reduced
relative
relative
gap
gap
reduced
reduced
relative
relative
gap
gap
reduced
reduced
relative
relative
gap
gap
reduced
reduced
relative
relative
gap
gap
reduced
reduced
relative
relative
gap
gap
reduced

reduced

negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative

positive

How muscular did James think the student wished not to be?

How muscular did James think the student wished to be ?

How muscular did James think the student wished not to be talkative was?

How muscular did James think the student wished to be talkative was?

How muscular did James think the student who was wished not to be talkative was?
How muscular did James think the student who was wished to be talkative was?
How happy did Chris think the woman wished not to be?

How happy did Chris think the woman wished to be?

How happy did Chris think the woman wished not to be married was?

How happy did Chris think the woman wished to be married was?

How happy did Chris think the woman who was wished not to be married was?
How happy did Chris think the woman who was wished to be married was?

How brave did Lily think the girl wished not to be?

How brave did Lily think the girl wished to be?

How brave did Lily think the girl wished not to be popular was?

How brave did Lily think the girl wished to be popular was?

How brave did Lily think the girl who was wished not to be popular was?

How brave did Lily think the girl who was wished to be popular was?

How adaptable did Robin think the journalist wished not to be?

How adaptable did Robin think the journalist wished to be ?

How adaptable did Robin think the journalist wished not to be incisive was?

How adaptable did Robin think the journalist wished to be incisive was?

How adaptable did Robin think the journalist who was wished not to be incisive was?
How adaptable did Robin think the journalist who was wished to be incisive was?
How slim did John think the doctor wished not to be?

How slim did John think the doctor wished to be?

How slim did John think the doctor wished not to be gentle was?

How slim did John think the doctor wished to be gentle was?

How slim did John think the doctor who was wished not to be gentle was?

How slim did John think the doctor who was wished to be gentle was?

How innocent did Jack think the defendant claimed not to be?

How innocent did Jack think the defendant claimed to be?

How innocent did Jack think the defendant claimed not to be guilty was?

How innocent did Jack think the defendant claimed to be guilty was?

How innocent did Jack think the defendant who was claimed not to be guilty was?
How innocent did Jack think the defendant who was claimed to be guilty was?
How responsible did Brian think the president claimed not to be?

How responsible did Brian think the president claimed to be?

How responsible did Brian think the president claimed not to be healthy was?

How responsible did Brian think the president claimed to be healthy was?
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relative negative How responsible did Brian think the president who was claimed not to be healthy was?

relative positive How responsible did Brian think the president who was claimed to be healthy was?
gap negative How heavy did Lily think the player claimed not to be?

gap positive How heavy did Lily think the player claimed to be?

reduced negative How heavy did Lily think the player claimed not to be strong was ?

reduced positive How heavy did Lily think the player claimed to be strong was ?

relative negative How heavy did Lily think the player who was claimed not to be strong was ?
relative positive How heavy did Lily think the player who was claimed to be strong was ?

gap negative How poor did Jason think the child claimed not to be?

gap positive How poor did Jason think the child claimed to be?

reduced negative How poor did Jason think the child claimed not to be intelligent was?

reduced positive How poor did Jason think the child claimed to be intelligent was?

relative negative How poor did Jason think the child who was claimed not to be intelligent was?
relative positive How poor did Jason think the child who was claimed to be intelligent was?

gap negative How convincing did Judy think the officer expected not to be?

gap positive How convincing did Judy think the officer expected to be?

reduced negative How convincing did Judy think the officer expected not to be present was?
reduced positive How convincing did Judy think the officer expected to be present was?

relative negative How convincing did Judy think the officer who was expected not to be present was?
relative positive How convincing did Judy think the officer who was expected to be present was?
gap negative How smart did James think the child expected not to be?

gap positive How smart did James think the child expected to be?

reduced negative How smart did James think the child expected not to be polite was?

reduced positive How smart did James think the child expected to be polite was?

relative negative How smart did James think the child who was expected not to be polite was?
relative positive How smart did James think the child who was expected to be polite was?

gap negative How positive did Amy think the interviewee expected not to be?

gap positive How positive did Amy think the interviewee expected to be?

reduced negative How positive did Amy think the interviewee expected not to be hard-working was?
reduced positive How positive did Amy think the interviewee expected to be hard-working was?
relative negative How positive did Amy think the interviewee who was expected not to be hard-working was?
relative positive How positive did Amy think the interviewee who was expected to be hard-working was?
gap negative How dependable did Adam think the manager expected not to be?

gap positive How dependable did Adam think the manager expected to be?

reduced negative How dependable did Adam think the manager expected not to be bossy was?
reduced positive How dependable did Adam think the manager expected to be bossy was?

relative negative How dependable did Adam think the manager who was expected not to be bossy was?
relative positive How dependable did Adam think the manager who was expected to be bossy was?
gap negative How pessimistic did Kate think the lawyer expected not to be?

gap positive How pessimistic did Kate think the lawyer expected to be?
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reduced
reduced
relative
relative
gap

gap

reduced
reduced
relative
relative
gap

gap

reduced
reduced
relative
relative
gap

gap

reduced
reduced
relative
relative
gap

gap

reduced
reduced
relative

relative

negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative
positive
negative

positive

How pessimistic did Kate think the lawyer expected not to be patient was?

How pessimistic did Kate think the lawyer expected to be patient was?

How pessimistic did Kate think the lawyer who was expected not to be patient was?
How pessimistic did Kate think the lawyer who was expected to be patient was?
How nervous did Kate think the candidate claimed not to be?

How nervous did Kate think the candidate claimed to be?

How nervous did Kate think the candidate claimed not to be successful was?

How nervous did Kate think the candidate claimed to be successful was?

How nervous did Kate think the candidate who was claimed not to be successful was?
How nervous did Kate think the candidate who was claimed to be successful was?
How fast did Lily think the runner expected not to be?

How fast did Lily think the runner expected to be?

How fast did Lily think the runner expected not to be winning was?

How fast did Lily think the runner expected to be winning was?

How fast did Lily think the runner who was expected not to be winning was?
How fast did Lily think the runner who was expected to be winning was?

How calm did Molly say the mother claimed not to be?

How calm did Molly say the mother claimed to be?

How calm did Molly say the mother claimed not to be furious was?

How calm did Molly say the mother claimed to be furious was?

How calm did Molly say the mother who was claimed not to be furious was?
How calm did Molly say the mother who was claimed to be furious was?

How strong did John think the boy expected not to be?

How strong did John think the boy expected to be?

How strong did John think the boy expected not to be sociable was?

How strong did John think the boy expected to be sociable was?

How strong did John think the boy who was expected not to be sociable was?
How strong did John think the boy who was expected to be sociable was?
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Experiment 2 & 3: self-paced reading and eye-tracking

Condition 1

Condition 2

Sentences

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive

negative

How tall did Mary think the girl hoped not to be famous by her parents was
before she went to college?

How tall did Mary think the girl hoped to be famous by her parents was before
she went to college?

How tall did Mary think the girl who was hoped to be famous by her parents
was before she went to college?

How tall did Mary think the girl who was hoped not to be famous by her
parents was before she went to college?

How successful did Lily think the attorney hoped not to be wealthy by his
family was when she first met him?

How successful did Lily think the attorney hoped to be wealthy by his family
was when she first met him?

How successful did Lily think the attorney who was hoped to be wealthy by his
family was when she first met him?

How successful did Lily think the attorney who was hoped not to be wealthy by
his family was when she first met him?

How famous did Fred think the singer hoped not to be thinner by her agent was
after she won the prize?

How famous did Fred think the singer hoped to be thinner by her agent was
after she won the prize?

How famous did Fred think the singer who was hoped to be thinner by her
agent was after she won the prize?

How famous did Fred think the singer who was hoped not to be thinner by her
agent was after she won the prize?

How objective did John think the editor hoped not to be strict by her colleagues
was when selecting presentation materials?

How objective did John think the editor hoped to be strict by her colleagues
was when selecting presentation materials?

How objective did John think the editor who was hoped to be strict by her
colleagues was when selecting presentation materials?

How objective did John think the editor who was hoped not to be strict by her
colleagues was when selecting presentation materials?

How frank did Andy think the interviewer hoped not to be constructive by the
officer was at the meeting?

How frank did Andy think the interviewer hoped to be constructive by the
officer was at the meeting?

How frank did Andy think the interviewer who was hoped to be constructive by
the officer was at the meeting?

How frank did Andy think the interviewer who was hoped not to be
constructive by the officer was at the meeting?

How popular did Mary think the kid wished not to be quiet by his teacher was
when he joined the volleyball club?

How popular did Mary think the kid wished to be quiet by his teacher was
when he joined the volleyball club?

How popular did Mary think the kid who was wished to be quiet by his teacher
was when he joined the volleyball club?

How popular did Mary think the kid who was wished not to be quiet by his
teacher was when he joined the volleyball club?
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reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

reduced

RC

RC

reduced

negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative
negative
positive
positive
negative

negative

How muscular did James think the student wished not to be talkative by his
friends was after he started playing football?

How muscular did James think the student wished to be talkative by his friends
was after he started playing football?

How muscular did James think the student who was wished to be talkative by
his friends was after he started playing football?

How muscular did James think the student who was wished not to be talkative
by his friends was after he started playing football?

How happy did Chris think the woman wished not to be married by her parents
was when she started a new job abroad?

How happy did Chris think the woman wished to be married by her parents was
when she started a new job abroad?

How happy did Chris think the woman who was wished to be married by her
parents was when she started a new job abroad?

How happy did Chris think the woman who was wished not to be married by
her parents was when she started a new job abroad?

How brave did Lily think the girl wished not to be popular by her sister was
after joining the debate club?

How brave did Lily think the girl wished to be popular by her sister was after
joining the debate club?

How brave did Lily think the girl who was wished to be popular by her sister
was after joining the debate club?

How brave did Lily think the girl who was wished not to be popular by her
sister was after joining the debate club?

How adaptable did Robin think the journalist wished not to be incisive by her
boss was when she first came to India?

How adaptable did Robin think the journalist wished to be incisive by her boss
was when she first came to India?

How adaptable did Robin think the journalist who was wished to be incisive by
her boss was when she first came to India?

How adaptable did Robin think the journalist who was wished not to be
incisive by her boss was when she first came to India?

How slim did John think the doctor wished not to be gentle by his patients was
when he graduated from medical school?

How slim did John think the doctor wished to be gentle by his patients was
when he graduated from medical school?

How slim did John think the doctor who was wished to be gentle by his patients
was when he graduated from medical school?

How slim did John think the doctor who was wished not to be gentle by his
patients was when he graduated from medical school?

How innocent did Jack think the defendant claimed not to be guilty by the
witness was before the jury made their decision?

How innocent did Jack think the defendant claimed to be guilty by the witness
was before the jury made their decision?

How innocent did Jack think the defendant who was claimed to be guilty by the
witness was before the jury made their decision?

How innocent did Jack think the defendant who was claimed not to be guilty by
the witness was before the jury made their decision?

How responsible did Brian think the president claimed not to be healthy by his
doctor was when he delivered the public speech?
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How responsible did Brian think the president claimed to be healthy by his
doctor was when he delivered the public speech?

How responsible did Brian think the president who was claimed to be healthy
by his doctor was when he delivered the public speech?

How responsible did Brian think the president who was claimed not to be
healthy by his doctor was when he delivered the public speech?

How heavy did Lily think the player claimed not to be strong by his coach was
when he joined the football team?

How heavy did Lily think the player claimed to be strong by his coach was
when he joined the football team?

How heavy did Lily think the player who was claimed to be strong by his coach
was when he joined the football team?

How heavy did Lily think the player who was claimed not to be strong by his
coach was when he joined the football team?

How poor did Jason think the child claimed not to be intelligent by her parents
was when she started school?

How poor did Jason think the child claimed to be intelligent by her parents was
when she started school?

How poor did Jason think the child who was claimed to be intelligent by her
parents was when she started school?

How poor did Jason think the child who was claimed not to be intelligent by
her parents was when she started school?

How calm did Molly say the mother claimed not to be furious by her husband
was when she found out her son was expelled from school?

How calm did Molly say the mother claimed to be furious by her husband was
when she found out her son was expelled from school?

How calm did Molly say the mother who was claimed to be furious by her
husband was when she found out her son was expelled from school?

How calm did Molly say the mother who was claimed not to be furious by her
husband was when she found out her son was expelled from school?

How nervous did Kate think the candidate claimed not to be successful by the
media was before he went on the stage?

How nervous did Kate think the candidate claimed to be successful by the
media was before he went on the stage?

How nervous did Kate think the candidate who was claimed to be successful by
the media was before he went on the stage?

How nervous did Kate think the candidate who was claimed not to be
successful by the media was before he went on the stage?

How fast did Lily think the runner expected not to be winning by the audience
was for the final round of the race?

How fast did Lily think the runner expected to be winning by the audience was
for the final round of the race?

How fast did Lily think the runner who was expected to be winning by the
audience was for the final round of the race?

How fast did Lily think the runner who was expected not to be winning by the
audience was for the final round of the race?

How strong did John think the boy expected not to be sociable by his coach
was before the training camp started?

How strong did John think the boy expected to be sociable by his coach was
before the training camp started?
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How strong did John think the boy who was expected to be sociable by his

RC positive coach was before the training camp started?

How strong did John think the boy who was expected not to be sociable by his
RC negative coach was before the training camp started?

How convincing did Judy think the officer expected not to be present in the
reduced negative conference was in front of aggressive reporters?

How convincing did Judy think the officer expected to be present in the
reduced positive conference was in front of aggressive reporters?

How convincing did Judy think the officer who was expected to be present in
RC positive the conference was in front of aggressive reporters?

How convincing did Judy think the officer who was expected not to be present
RC negative in the conference was in front of aggressive reporters?

How smart did James think the child expected not to be polite by his classmates
reduced negative was when he started teaching him?

How smart did James think the child expected to be polite by his classmates
reduced positive was when he started teaching him?

How smart did James think the child who was expected to be polite by his
RC positive classmates was when he started teaching him?

How smart did James think the child who was expected not to be polite by his
RC negative classmates was when he started teaching him?

How positive did Amy think the interviewee expected not to be hard-working
reduced negative by his interviewers was after the final round of interview?

How positive did Amy think the interviewee expected to be hard-working by
reduced positive his interviewers was after the final round of interview?

How positive did Amy think the interviewee who was expected to be hard-
RC positive working by his interviewers was after the final round of interview?

How positive did Amy think the interviewee who was expected not to be hard-
RC negative working by his interviewers was after the final round of interview?

How dependable did Adam think the manager expected not to be bossy by his
reduced negative colleagues was in dealing with the new project?

How dependable did Adam think the manager expected to be bossy by his
reduced positive colleagues was in dealing with the new project?

How dependable did Adam think the manager who was expected to be bossy
RC positive by his colleagues was in dealing with the new project?

How dependable did Adam think the manager who was expected not to be
RC negative bossy by his colleagues was in dealing with the new project?

How pessimistic did Kate think the lawyer expected not to be patient by his
reduced negative clients was about the testimony of the witness?

How pessimistic did Kate think the lawyer expected to be patient by his clients
reduced positive was about the testimony of the witness?

How pessimistic did Kate think the lawyer who was expected to be patient by
RC positive his clients was about the testimony of the witness?

How pessimistic did Kate think the lawyer who was expected not to be patient
RC negative by his clients was about the testimony of the witness?
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Abstract

Existing studies demonstrate that comprehenders can predict semantic information during

language comprehension. Most evidence comes from highly constraining context, in which a

specific word is likely to be predicted. One question that has been investigated less is whether

prediction can occur when prior context is less constraining for predicting specific words. Here,

we aim to address this issue by examining the prediction of animacy features in low-constraining

context, using electroencephalography (EEG), in combination with representational similarity

analysis (RSA). In Chinese, a classifier follows a numeral and precedes a noun, and classifiers

constrain animacy features of upcoming nouns. In the task, native Chinese Mandarin speakers

were presented with either animate-constraining or inanimate-constraining classifiers followed

by congruent or incongruent nouns. EEG amplitude analysis revealed an N400 effect for

incongruent conditions, reflecting the difficulty of semantic integration when an incompatible

noun is encountered. Critically, we quantified the similarity between patterns of neural activity

following the classifiers. RSA results revealed that the similarity between patterns of neural

activity following animate-constraining classifiers was greater than following inanimate-

constraining classifiers, before the presentation of the nouns, reflecting pre-activation of

animacy features of nouns. These findings provide evidence for the prediction of coarse-grained

semantic feature of upcoming words.

Keywords: Semantic prediction; Pre-activation of semantic features; Chinese classifier; EEG;

Representational similarity analysis
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Introduction

Probabilistic prediction is hypothesized to be an important computational principle underlying

language comprehension (Federmeier, 2007; Huettig, 2015; Kuperberg & Jaeger, 2016; Pickering

& Gambi, 2018; Pulvermdller & Grisoni 2020). A growing number of studies have demonstrated

that people are able to make linguistic predictions at various representational levels including

semantic (Altmann, & Kamide, 1999; Federmeier & Kutas, 1999; Lau et al. 2013; Wang et al.,

2018; 2020), phonological (DeLong et al. 2005; Li et al., 2022; Vissers et al. 2006), written form

(Laszlo & Federmeier 2009; Kim & Lai, 2012), and morphosyntactic (Dikker et al., 2009, 2010;

Van Berkum et al. 2005) features of words. One question that has been investigated less is

whether prediction can occur when prior context is less constraining for predicting specific

words but can elicit the prediction of more general information. Most evidence comes from

sentences with highly constraining context, in which a specific word is likely to be predicted.

Here, we aim to address this issue by examining the prediction of semantic features in low-

constraining context, using electroencephalography (EEG), in combination with representational

similarity analysis (RSA).

A large group of studies support (not necessarily demonstrate) that people are able to predict

semantic information of upcoming words. In a classic event-related potential (ERP) study by

Federmeier and Kutas (1999), participants were instructed to read pairs of sentences (e.g., “They

wanted to make the hotel look more like a tropical resort. So along the driveway, they planted

rows of...”). The following word was either a predictable word (palms), an unpredictable word,

but from the same semantic category (pines), or an unpredictable word from a different

semantic category (tulips). They found that unpredictable words from the same category (pines)
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elicited smaller N400s compared to the unpredictable word from an unrelated category (tulips).

The N400 effect varied as a function of the cloze probability of words, but not the plausibility of

sentences, suggesting the effect reflects prediction-related pre-activation rather than

integration of the target word with preceding context. Until recently, pre-stimulus predictive

brain activity (i.e. prediction potential) was discovered (Grisoni et al. 2016, 2017, 2021; Ledn-

Cabrera et al. 2017; see Pulvermiiller & Grisoni 2020 for a review). These studies have reported

that high-constraining context induced anticipatory brain activity preceding the expected words,

and the size of the anticipatory brain activity is correlated with the predictability of the expected

word (see Grisoni et al. 2021). Converging evidence for semantic prediction comes from

anticipatory eye movements toward objects before the expressions that refer to these objects.

For instance, in a visual world task, Kamide et al. (2003) manipulated the agent of an action, and

reported that when the preceding context was “the man will ride ...”, listeners predictively

looked at “motorbike” more than “carousel” before the presentation of the following nouns.

The findings suggest that comprehenders use world knowledge about plausible actions by

agents to predict semantic information of plausible actions.

Most work concerns the prediction of a specific word in a highly constraining context (Wicha et

al., 2004; Ito et al., 2018; Wang et al., 2018; Li et al., 2022). It is less clear whether prediction can

occur when prior context is less constraining for predicting specific words but can elicit the

prediction of more general information that characterize a group of multiple words.

Investigating whether comprehenders are only able to predict specific words at the fine-grained

level or are also able to predict upcoming information at a coarse-grained level is theoretically

important, because contexts that predict specific words (e.g., “I like coffee with sugar and ...”)
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are not frequent, and most words in natural language are not highly predictable on the basis of

prior contexts or knowledge (e.g., I'd like to drink...) (Luke & Christianson, 2016).

In the present study, we adopted the constraints of the classifier system in Mandarin Chinese,
to test whether comprehenders can utilize the semantic constraints of classifiers to predict
animacy feature of upcoming nouns. Chinese is a numeral classifier language, in which a
classifier is obligatory between a numeral and a noun when a noun is modified by a numeral
(e.g., one, two), a demonstrative (e.g., this, that), or a quantifier (e.g., a few) (Li & Thompson,
1989), which contrasts to English where a noun immediately follows a numeral (e.g., one
person). In other words, a classifier follows a numeral and precedes a noun in Chinese (e.g., —
/M N\, one “ged” person). Chinese speakers need to select a proper classifier from 174 classifiers
(c.f., Huang et al, 1997) based on semantic features of the accompanying noun. Therefore, a
classifier can constrain semantic features of its following noun, such as animacy, shape, size, etc.
Although the mapping between a classifier and a noun can be to some degree arbitrary so that
a classifier can modify different nouns, and a noun can be preceded by various classifiers, some
Chinese classifiers are unambiguous in specifying animacy features of nouns, therefore
constraining the animacy of following nouns. Some classifiers go with inanimate nouns only (e.g.,
2%, /duo/, classifying flowers) whereas some classifiers modify animate nouns (e.g., 4, /ming/,

classifying human noun, such as teacher, doctor etc.).

The classifier-noun association, combined with the violation paradigm where sentences are
presented with classifier-noun mismatch errors, is commonly used to investigate semantic
integration processes during Chinese sentence comprehension. A typical finding is that the

classifier-noun mismatch elicits N40O effects on the noun, with larger negativity for mismatch
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trials, which reflects the difficulty of integrating the lexical semantics into the representation at

the higher level (e.g., Zhou et al., 2010; Zhang et al., 2012). The regularity of the classifier-noun

agreement, combined with ERPs, can provide efficient means to examine the effects of

prediction during language comprehension. In one of few studies concerning semantic

prediction in Chinese, Kwon et al. (2017) manipulated whether a classifier embedded in a

sentence matched or mismatched an upcoming expected noun. Kwon et al. replicated the well-

established N400 effect, with enhanced N400 amplitude to unexpected nouns. The N400 was

also evident as early as the preceding classifier, suggesting the pre-activation of semantic

features of nouns. However, the effect on classifiers may reflect integration of the classifier with

the preceding context, rather than preactivation of the noun (also see Szewczyk & Schriefers,

2013). It is very difficult (if not impossible) to distinguish prediction from integration, and

demonstrate evidence that is compatible with prediction but not integration, by analyzing ERPs

after encountering a target word, using the traditional ERP amplitude analysis.

In addition to ERP amplitude analysis, predictive behavior in language comprehension has

recently been investigated using (Kriegeskorte et al., 2008), i.e., analyzing similarity among

patterns of neural activity, before or after encountering the target word. The basic assumption

of RSA is that similarities between items can elicit similarities in patterns of brain activity. Wang

et al. (2018) adopted RSA combined with magnetoencephalography (MEG) to examine whether

comprehenders can predict specific words when they read highly constraining sentences. Wang

et al. quantified the similarity between patterns of brain activity, and found that the patterns of

neural activity were more similar when the same words were predicted than when different

words were predicted, critically before the onset of the predicted words. The results
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demonstrate that the prediction of specific words is associated with unique patterns of neural

activity. In another study using RSA, Hubbard and Federmeier (2021) reanalyzed the previous

EEG sentence reading study (Federmeier et al., 2007), and compared EEG activity similarity

patterns elicited by sentence final words to patterns from the preceding words of the sentence.

The logic is that if pre-final words elicit the pre-activation of features of the final word in

constraining sentences, then some aspects of the neural representation of the final word should

appear during the processing of the pre-final word, thus producing greater similarity between

pre-final and final words. Measuring pattern similarity of the sentence final word and words

prior to the pre-final word revealed that neural similarity with the final word was increased

following the processing of only the pre-final word. The effect was not observed in earlier words

and the increase was modulated by both final word expectancy and sentence constraint. These

findings demonstrate a precisely timed semantic prediction.

In more recent work, Wang et al. (2020) used RSA to detect neural patterns for the prediction

of animacy features of upcoming nouns when sentence contexts only constrain coarse-grained

semantic animacy feature as opposed to a specific word. Semantic animacy of nouns were

constrained by verbs (e.g., “caution” constrains for animate nouns; “unfold” constrains for

inanimate nouns). RSA revealed that before the onset of nouns, patterns of neural activity were

more similar following animate-constraining verbs than following inanimate-constraining verbs,

providing evidence for the prediction of coarse-grained semantic features that goes beyond the

prediction of individual words. One caveat with this type of design is that neural similarity may

not reflect the similarity in the meanings of the predicted words but rather the similarity of the

meanings of the preceding context, which is bound to correlate with the predicted target word.
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In the present study, we reduce prior context and directly compare the EEG patterns after the
presentation of classifiers without any additional constraining inputs. The goal is thus to
investigate whether comprehenders can use the constraints provided by classifiers to predict
semantic features associated with the animacy of upcoming nouns. We focus on the similarity
between patterns of brain activity following the classifiers until just before the presentation of
the nouns, although we analyze the similarity value after the presentation of nouns. Because
animate entities share more strongly associative semantic features than inanimate entities,
which have more distinctive features (McRae et al., 1997; Daniele Zannino et al., 2006), the brain
activity patterns between word pairs should be more similar among animate nouns than
inanimate nouns during the presentation of nouns. Critically, the question is whether the
difference in similarity occurs before the presentation of nouns. If comprehenders predict the
animacy of upcoming nouns, the similarity between patterns of neural activity should be greater

following animate-constraining classifiers than following inanimate-constraining classifiers.

Method

Participants.

In total, 29 native speakers of Mandarin Chinese who were resident in Beijing participated in the
ERP experiment. Sample size was determined by recent EEG/MEG RSA studies of language
prediction (Hubbard and Federmeier, 2021; Wang et al. 2018). EEG data from four participants
was excluded for data analysis due to a high percentage of rejected trials (more than 50%) or an
empty data set for at least one classifier after data preprocessing, and thus 25 participants were
included for ERP and RSA analyses. All participants had normal or correct-to-normal vision and

no history of language disorders. They were given informed consent and paid about ~$20. The
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study was approved by the Institutional Review Board of the Institute of Psychology, Chinese

Academy of Sciences.

Materials and design.

A total of 12 classifiers were used, and each classifier was combined with 10 nouns to form 120

semantically plausible classifier-noun phrases. Among the 12 classifiers, six of them were

animate-constraining classifiers that can only modify animate nouns. Of these, three were

human-modifying classifiers and three animal-modifying classifiers; the other six classifiers were

inanimate-constraining classifiers including three natural-object-modifying classifiers and three

artifact-product-modifying classifiers. We have assessed the close probability of the classifiers

using the cloze test. A group of 25 Chinese native speakers who did not take part in the EEG

experiment were presented with incomplete phrase (i.e. Numeral + Classifier) and were asked

to complete fragments with the most likely ending. Classifier constraint was measured as the

proportion of participants who gave the most frequent word. Overall, the cloze probability of

the classifiers was low (25.7% * 11.3%), indicating that classifiers used in our study do not

produce specific word predictions. Moreover, cloze probability was matched between animate-

constraining classifiers (animate: 26.0% * 7.0%) and inanimate-constraining classifiers

(inanimate: 25.3% + 1.6%), P = 0.934. Besides, these classifiers can highly constrain animacy of

nouns as expected (probability of animate nouns following animate-constraining classifiers:

93.3%, probability of inanimate nouns following inanimate-constraining classifiers: 97.3%).

Each of 12 classifiers was recombined with incongruent nouns to form 120 semantically

implausible classifier-noun phrases, including 60 semantically incongruent but animacy-
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matched trials (i.e., Incongruent, Animacy-Match), in which classifiers were re-paired with nouns
from different subgroups (e.g., human classifiers were re-paired with animal nouns; artifact-
product classifiers were paired with natural object nouns) and 60 semantically incongruent AND
animacy-mismatched trials (i.e., Incongruent, Animacy-mismatch), in which classifiers were
paired with nouns from different animacy groups (e.g., human classifiers were recombined with
natural object nouns; artifact product classifiers were recombined with animal nouns), see Table
1 for examples. The phrases were more implausible in the Incongruent, Animacy-mismatch
compared to the Incongruent, Animacy-Match condition, due to the additional mismatch in
animacy. That is, there was a graded difference in the degree of meaning congruence of the
nouns and their classifiers across the three conditions. In total, 240 combinations of “classifier +
noun” were used in the study. Each participant was presented with three blocks of 80 trials with

the 40 plausible and 40 implausible classifier-noun combinations in a randomized order.

Conditions Animate-constraining Inanimate-constraining
classifier classifier
Congruent —Ahr Hdx —& k&
one Clhyman professor one Clpook Magazine
Incongruent, Animacy-Match —f R — AR T
one Clhyman horse one Clyook chair
Incongruent, Animacy- —Afr & — K A%
Mismatch one Clhuman Mmagazine one Clyook professor

Table 1. Experimental conditions and examples of stimuli

10
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Quantifying the semantic and lexical similarity of the animate- vs. inanimate- constraining

classifiers.

Our aim was to measure the neural activity elicited by the pre-activation of animacy feature of

the upcoming noun. Therefore, we focused on activity following the onset of the classifier until

just before the onset of subsequent nouns. To make sure that any difference in the

representational similarity of ERPs before the onset of nouns indeed reflected the pre-activation

of the upcoming nouns rather than similarity associated within the animate- vs. inanimate-

constraining classifiers, we verified that the two groups of classifiers matched on several key

properties relevant to visual and linguistic processing. These properties included semantic

similarity, visual complexity and word frequency. To quantify semantic similarity between word

pairs among the animate- vs. inanimate- constraining classifiers, we used HowNet, an online

database that provide calculations of inter-conceptual and inter-attribute relationships of

Chinese lexicons (Dong et al., 2010). Semantic similarity values for all possible classifier pairs

were measured via a path-based approach by Wu and Palmer (1994). These pairwise Wu-Palmer

semantic similarity values in a 12 by 12 matrix are presented in Figure 1A. The mean semantic

similarity values for the animate- vs. the inanimate- classifiers showed no difference (t = 0.15, p

= 0.88). We also verified that other aspects of lexical similarity (i.e., visual complexity, and word

frequency) associated with the animate- vs. inanimate- constraining classifiers were matched.

In order to do that, we extracted visual complexity of Chinese characters of classifiers (the

number of strokes) and word frequency (based on the Chinese Linguistic Data Consortium

norms,2013). The similarity values of visual complexity and word frequency were measured by

the absolute difference for each possible pair of classifiers. Statistical analysis showed that visual

11
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complexity (t = -0.2, p = 0.84) and word frequency (t = 1.18, p = 0.26) were matched between

the animate- and the inanimate- classifiers.

Quantifying the semantic and lexical similarity of the animate vs. inanimate nouns.

The experimental hypothesis rested on the assumption that animate nouns constrained for by

their classifiers would be more semantically similar to each other than inanimate nouns. We

used the same approach as described above to verify this assumption: We calculated the

semantic similarity values between all possible pairs of nouns within the animate-constraining

and inanimate-constraining conditions. As shown in Figure 1B, the mean semantic similarity

within the animate set was indeed greater than that within the inanimate set (t = 2.24, p = 0.03).

Moreover, it is important to confirm that any differences in neural similarity produced by

predicted animate and inanimate nouns were not generated by differences in similarity of lexical

properties. Statistical analysis showed that visual complexity and word frequency were matched

between animate vs. inanimate nouns (visual complexity: t = 0.48, p = 0.63; word frequency: t =

1.14, p = 0.26).

12
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A. Semantic similarity of classifiers B. Semantic similarity of nouns
animate-constraining inanimate-constraining animate nouns inanimate nouns
. . human animal natural artifact
human animal natural artifact
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Figure 1. Pairwise Wu and Palmer similarity values for classifiers (A) and nouns (B). Similarity values are
ranging from 0 to 1, with 0 indicating no similarity and 1 indicating identical semantics. A shows a 12 by
12 symmetric semantic similarity matrix with 6 animate constraining classifiers (3 human classifiers and 3
animal classifiers) and 6 inanimate classifiers (3 natural object classifiers and 3 artifact classifiers). B shows
a 120 by 120 semantic similarity matrix of nouns that are semantically matched with each classifier (each

classifier is paired with 10 nouns), which confirmed the animacy constraint of classifiers.

Procedure.

The experiment was conducted using E-Prime software. Participants were first instructed that
they would see the classifier-noun phrases presented on the computer screen and their task was
to judge whether the classifier-noun phrase was semantically plausible or not by pressing a
designated keyboard button. Each trial started with an asterisk signal for 500 ms, followed by a
presentation of a numeral and a classifier for 1,000 ms, a blank screen for 1,000 ms and a noun
for 1,000ms. An interval of 1,000 ms was inserted between trials. Participants received four
practice trials before seeing 240 experimental trials presented in three experimental blocks and
separated by a short break. The experimental task was 25 minutes and the entire experiment

lasted approximately 90 minutes.

13
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EEG recordings and analysis.

EEG signals were collected from 64 electrodes secured in an elastic cap and recorded in

Neuroscan software. The vertical electrooculogram (VEOG) was captured via two electrodes

above and below the left eye. The horizontal electrooculogram (HEOG) was recorded via two

electrodes on the left and right external cantus. The left mastoid electrode was used as a

reference. The EEG data were re-referenced to the average of both mastoids. All electrode

impedances were kept below 5 KQ. EEG signals were amplified with a band-pass filter between

0.05 and 70 Hz with a sampling rate of 1000 Hz). The EEGLAB was used for the preprocessing of

EEG data. Raw data were down-sampled to 500 Hz and filtered with a high-pass cutoff point of

0.1 Hz and a low-pass cutoff point of 30 Hz. Independent Component Analysis (ICA) using the

infomax ICA algorithm of Bell & Sejnowski (1995) was performed to remove vertical or horizontal

eye movements, channel noise, muscle artifacts, and 1-3 ICs were removed per participant.

Epochs containing amplitudes exceeding 70 1V were rejected (~4.6% of all epochs). Trials

with incorrect responses were excluded from analyses (4.7%). The remaining epochs for ERP

analysis were on average 110 trials per condition (animate-constraining vs. inanimate-

constraining). The EEG was segmented into 3,500 ms epochs that included a 500 ms pre-stimulus

display as a baseline, a 1,000 ms classifier display, 1,000 ms interval, and 1,000 ms noun display.

Epochs were baseline corrected and the averaged signal in a baseline period was subtracted

from the remaining ERPs.

Mean amplitude analyses were performed for pre-noun and after-noun time windows

separately. First, mean amplitude analyses for pre-noun time window were performed to

examine pre-stimulus predictive brain activity, a negative shift of brain potentials before the

14



Semantic Prediction

onset of the predictable target (i.e. “prediction potential”). To this end, neural activity for

animate-constraining versus inanimate-constraining trials for the time window (-200 ms, 0 ms)

was analyzed with a baseline correction computed across (-300 ms, -200 ms) before noun

onset. We exacted the mean ERP amplitudes at fronto-central electrodes (FC1, FCZ, FC2, C1, CZ,

C2, CP1, CPZ, CP2), where the prediction potential is observed (e.g. Grisoni et al. 2017). We

investigated whether animate- and inanimate-constraining classifiers can elicit significant

negative deflection, by testing pre-noun ERPs against zero, and whether there is difference

between animate- versus inanimate-constraining classifiers by directly comparing pre-noun

ERPs of two conditions. Second, mean amplitude analyses for after-noun time window were

performed to investigate the semantic incongruent effect evoked by the incongruency between

classifiers and nouns. Based on previous findings (as reviewed in the Introduction), we expected

a N400 effect evoked by incongruent nouns with classifiers. Nine regions of interest (ROls) were

defined to examine the distribution of effects on the scalp. The ROIs include the left-anterior

area (F3, F5, FC3), the middle-anterior area (FZ), the right-anterior area (F4, F6, FC4), the left-

middle area (C3, C5), the middle-middle area (CZ), the right-middle area (C4, C6), the left-

posterior area (P3, P5), the middle-posterior area (PZ), and the right-posterior area (P4, P6). The

time window of 300-500 ms was chosen based on visual inspection for N400 effects. Mean

amplitudes on this time window were entered into a 2 x 3 x 9 repeated measures analysis of

variance (ANOVA) with the factors classifier-type (animate-constraining classifier/inanimate-

constraining  classifier), congruency condition (Congruent/Incongruent,  Animacy-

Match/Incongruent, Animacy-Mismatch), and ROls.
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RSA analyses were also performed for pre-noun and after- noun time windows separately. First,
RSA analyses for pre-noun time window were performed to examine pre-activation of animacy
features. We computed an EEG vector across all channels (62 electrodes) and time points by
averaging the data for each classifier. For each individual participant, we calculated Pearson’s r
values to determine the similarity values between the patterns of neural activity following all
possible pairs of the animate-constraining classifiers (6%x5/2 = 15 pairs) and those of the
inanimate-constraining classifiers (6*5/2 = 15 pairs) at each time point from the onset of the
classifiers until the onset of nouns. We then averaged these pairwise correlation r values to yield
averaged similarity values at each time point for each participant for animate- and inanimate-
constraining conditions. We then conducted statistical analyses to examine whether the neural
similarity values for the animate- versus inanimate- constraining conditions are different before
the presentation of nouns. To visualize any differences between the two conditions, we
averaged these similarity values across all participants at each consecutive time point for
animate- and inanimate-constraining conditions. This generated a grand average similarity over
time for each condition (see Fig. 2A). Second, RSA analyses for after-noun time window were
performed to test whether the neural similarity for the animate nouns is greater than that for
the inanimate nouns, as assumed. Each of 12 classifiers was paired with 10 nouns. For each
individual participant, we averaged the data of 10 nouns for each classifier, and calculated
Pearson’s r values to determine the similarity values between the patterns of neural activity
following all possible pairs of the animate condition and those of the inanimate condition at
each time point during the presentation of nouns. We then averaged these pairwise correlation

r values to yield averaged similarity values at each time point for each participant for animate
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and inanimate nouns, and then conducted statistical analyses to examine the difference. For

statistical analyses, we conducted a paired t-test at each time point across the entire epoch, and

critical time windows were identified based on paired t-test results that exceeded a preset

uncorrected P-value threshold of 0.05. For each critical time window, the observed summed t-

value was determined by summing the individual t-values at each time point testing within the

time window. We used a nonparametric permutation procedure to protect against problems

associated with multiple time points (Maris and Oostenveld 2007). We randomly shuffled the

condition labels for each participant, and within each critical time window, we performed t-test

at each time point and summed individual t-values. This procedure was repeated for 1,000 times

and formed HO distribution of summed t-values. The observed summed t-value falls outside the

95% range is considered to be significant. Separate permutation tests were performed to

examine differences for pre-noun and after-noun time windows.

Results

Behavioral data.

Participants were asked to respond to incongruent phrases, so behavioral data were only

available for incongruent phrases. The overall mean response latency for incongruent classifier-

noun phrases was 663 ms (standard deviation SD = 195 ms). Response latencies for the

Incongruent, Animacy-Mismatch condition (652 ms) were faster than for the Incongruent,

Animacy- Match condition (674 ms), suggesting that judgments were made faster for trials with

additional animacy-mismatch. A linear mixed-effect model analyses confirmed this observation,

showing a significant difference between both conditions (P = 0.027, df = 118).
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EEG data.

We first compared the ERPs of the two conditions to determine if the larger spatial similarities

following the animate- versus inanimate-constraining classifiers could be explained by differ-

ences in the ERPs evoked by these classifiers. As expected, the ERPs evoked by animate- versus

inanimate-constraining classi- fiers were similar, and a cluster-based permutation test over the

entire epoch failed to reveal a significant ERP effect (P = 0.359).

Mean amplitude analyses for pre-noun time window demon- strate a negative shift of brain

potentials before the onset of nouns (i.e. “prediction potential,” see Fig. 2B). In the last 200 ms

before noun onset, both animate- and inanimate-constraining classifiers elicited significant

negative-going potentials, as documented by t-tests against zero (ps < 0.001). Animate- and

inanimate—constraining classifiers did not elicit difference, as expected (P = 0.43). Mean

amplitude analyses for after-noun time window revealed the semantic incongruent effect

evoked by the incongruency between classifiers and nouns. Fig. 2C and D show grand average

ERPs for the three congruency conditions at a rep- resentative electrode (Cz) under animate

classifiers (Fig. 2C) and inanimate classifiers (Fig. 2D). ANOVAs on the mean amplitude of nouns

with the factors classifier type, congruency condition, and ROls revealed main effects of

congruency condition (F = 38.26, P < 0.001) and classifier types (F = 24.00, P = 0.03), an

interaction between the three factors (F = 127.66, P < 0.001), and a marginally significant

interaction between classifier type and congruency condition (F = 48.00, P = 0.07). The effect of

congruency con- dition revealed that compared with the congruent condition, incongruent

conditions elicited a larger negativity in the 300— 500 ms time window with a broad distribution

in all nine ROIs (P-values false discovery rate corrected): left-anterior (t = 6.03, P < 0.001), left-
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middle (t = 6.47, P < 0.001), left-posterior (t = 3.98, P < 0.001), middle-anterior (t = 5.89, P<

0.001), middle-middle (t = 6.14, P < 0.001), middle-posterior (t = 3.69, P = 0.001), right-anterior

(t=7.03, P < 0.001), right-middle (t = 6.61, P < 0.001), and right-posterior (t = 4.74, P < 0.001).

Following the interactions, separate analyses were conducted for each classifier type. For

animate classifiers, there was a graded effect with the largest negativity in the Incongruent,

Animacy-Mismatch condition, compared to the Incongruent, Animacy-Match condition, due to

the additional mismatch in animacy. Pairwise comparisons for each ROl revealed the additional

mismatch effect in animacy with a broad distribution, i.e. left-posterior (t = 2.55, P = 0.026),

middle- middle (t = 2.59, P = 0.016), middle-posterior (t = 2.38, P = 0.038), right-middle (t = 2.24,

P =0.035), and right-posterior (t =3.11, P = 0.007). Contrary to animate classifiers, for inanimate

clas- sifiers the additional mismatch effect from animacy disappeared in all nine ROlIs (ts < 1.52;

ps > 0.14).

Grand average similarity waveforms over time are displayed in Fig. 2A for animate- versus

inanimate-constraining classifiers. Statistical analyses revealed that during the presentation of

classifiers (-2,000 ms to —1,000 ms), there was no greater neural similarity for animate-

constraining classifiers, relative to inanimate-constraining classifiers. The neural similarity within

the animate-constraining classifier group was greater than that of the inanimate-constraining

condition, from 240 ms before the onset of noun. Statistical analyses confirmed that the greater

neural similarity within animate-constraining classifier group was observed before noun onset,

relative to neural similarity within the inanimate-constraining condition (-240— 0 ms; P = 0.036),

reflecting the prediction of animacy features associated with the upcoming words. RSA analyses

for after-noun time window revealed that the patterns of brain activity were more similar among
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animate nouns than among inanimate nouns throughout the whole time window of noun
presentation (P = 0.04). To test for the possibility that word frequency would explain the RSA
effects, we used linear mixed-effects models to predict the neural similarity value in the
predictive time window with type of animacy constraint and word frequency. We measured
frequency similarity by taking the absolute value of the difference of word frequency between
classifiers, and included this measure in the model. The maximal model included random
intercepts for participants and items, and participant random slopes for type of animacy
constraint and frequency similarity. Because type of animacy constraint were manipulated
between items, item slope adjustments were not specified for the factor. In cases in which the
maximal model failed to converge, we sequentially simplified the random effects until
convergence was achieved. The mixed- effects model analysis was performed using the “Ime4”
package as implemented in R. Significance of fixed effects of the model was assessed with the
anova() function from package ImerTest, using the Satterthwaite method of approximation for
degrees of freedom. Results revealed that the classifier type (animate vs. inanimate) remained
a significant effect (F = 3.20, P = 0.048), even with word frequency included. The effect of

frequency failed to reach significance (F < 1).
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Figure. 2 RSA and ERP results. (A) Pre-noun RSA results. It shows similarity values of animate classifier (red
line) and inanimate classifier (blue line) before the onset of nouns. The similarity between patterns of
neural activity following animate-constraining classifiers was greater than following inanimate-
constraining classifiers ~240 ms before the onset of nouns. The bar chart presents differences in similarity
values from -240 ms to 0 ms between animate- (red bar) versus inanimate- (blue bar) constraining
classifiers. (B) Pre-noun ERP waveforms in the animate- (red line) and inanimate- (blue line) constraining
classifiers as the average of the fronto-central electrodes (FC1, FCZ, FC2, C1, CZ, C2, CP1, CPZ, CP2). In the
last 200 ms before noun onset, both animate- and inanimate-constraining classifiers elicited significant
negative-going potentials. (C) and (D) After-noun N400 effects elicited by classifier-noun incongruency at
Cz. (C) Shows for the animate-constraining classifiers, additional animacy-mismatch elicits larger N40O in
the shaded time window (300-500 ms), revealed by larger N400O by the incongruent and animacy-
mismatch condition (red line) than the incongruent and animacy-match condition (blue line). (D) Shows
no additional animacy-mismatch effect for inanimate-constraining classifiers (no significant difference

between red line and blue line).
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Discussion

In the present study, RSA on EEG data was conducted to investigate whether animacy features
would be pre-activated without a highly constraining context. Chinese classifiers were varied in
animacy constraint (animal-constraining and inanimate- constraining) and were followed by
Congruent, Incongruent but animacy-matched, or Incongruent but animacy-mismatched nouns.
Behavioral response latencies showed a faster response (22 ms) for the Incongruent, Animacy-
Mismatch condition than the Incongruent, Animacy-Matched condition, due to additional
animacy violation. N400 effect was observed for incongruent conditions, with larger negativity
for an additional mismatch in animacy (only for animate-constraining classifiers). Both animate-
and inanimate-constraining classifiers elicited a negative shift of brain potentials before the
onset of nouns, which is likely to reflect a prediction potential. Of greatest relevance to the study
was the RSA result, i.e. greater similarity among patterns of neural activity following the
animate-constraining than following the inanimate-constraining classifiers. The similarity effects
were significant from ~240 ms before the onset of nouns, which suggests the pre-activation of

semantic features of following nouns.

The ERP effects of animacy and semantic violations of nouns

The present study manipulated two types of violation between classifiers and following nouns.
For the semantic violation, nouns were semantically incongruent with the preceding classifiers.
For the animacy mismatch, there were additional conflict of animacy (the Incongruent, Animacy-
Mismatch condition), or no conflict of animacy (the Incongruent, Animacy-Match condition).

Semantic violation elicited N400 effects, which is compatible with previous findings, reflecting
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difficulty in semantic integration (e.g. Federmeier and Kutas 1999; Zhang et al. 2012; Zhou et al.

2010). Moreover, the additional mismatch in animacy resulted in a further increase in N400

amplitude, suggesting that animacy information of classifiers and nouns is processed during

classifier-noun phrases. Interestingly, this additional animacy- mismatch effect only emerged for

animate-constraining classifiers, but not for inanimate-constraining classifiers. The null effect of

animacy-mismatch for inanimate classifiers is in line with the results from the closely matched

counterpart by Zhang et al. (2012) where only inanimate classifiers were included, and no

additional animacy-mismatch effect was observed. Our study extended the investigation of

animacy-mismatch to animate classifiers and observed the animacy-mismatch effect. The

divergence in animacy-mismatch effect between animate versus inanimate classifiers may

reflect the possibility that animate classifiers are more constraining for animacy relative to

inanimate classifiers.

The classifier-driven prediction of animacy features of upcoming nouns

Recently, a negative-going potential shift starting hundreds of milliseconds prior to predictable

stimuli has been highlighted as a neurophysiological index of prediction (e.g. Pulvermiiller and

Grisoni 2020). The cortical sources underlying the prediction potential reflect specific perceptual

and semantic features of anticipated stimuli before predictable stimuli appear (not before

unpredictable ones), which suggests its predictive nature (Grisoni et al. 2016, 2017, 2019, 2022).

In the present study, animate- and inanimate-constraining classifiers elicited such brain

potentials before the onset of nouns, which is likely related to prediction.

23



Semantic Prediction

More critically, the present study reveals neural similarity effects before the presentation of

nouns, which provides more direct evidence for the pre-activation of coarse-grained semantic

features that distinguish between upcoming animate and inanimate items. Our results cannot

be explained by lexical- semantic processing of the classifiers across conditions because they

were matched well in semantic similarity structure and other linguistic properties. In addition,

the animacy RSA effect was not found during the presentation of classifiers and was present

only after classifiers and before the onset of nouns, which strongly suggests that it was not

elicited by processing of classifiers. Moreover, the critical assumption of the present study is

that animate nouns share more common semantic features than inanimate nouns, and thus

animate nouns are more similar in neural activity patterns than inanimate nouns. It is important

to confirm this assumption. In the present study, the mean semantic similarity within the

animate nouns was indeed greater than within the inanimate nouns, and correspondingly

animate nouns elicited greater neural similarity than inanimate nouns.

As reviewed in Introduction, previous investigations have mainly focused on the pre-activation

of specific lexical words. However, in natural language, most contexts cannot constrain a specific

lexical item, but likely constrain semantic features. Therefore, it is theoretically important that

we verified that comprehenders can predict semantic information of upcoming words beyond

individual words. This finding aligns with Wang et al. (2020) in which participants hear three-

sentence context, followed by animate-constraining or inanimate-constraining verbs, and show

more similar patterns of neural activity following animate-constraining verbs than following

inanimate- constraining verbs. One caveat with this type of design is that neural similarity may

reflect not the similarity in the meanings of the predicted words but rather the similarity of the
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meanings of the preceding context. To minimize the potential possibility, in the present study,

we reduced prior context and only used a single classifier to constrain animate or inanimate

nouns, which can provide clear evidence for the pre-activation of semantic features.

In sum, we provide neural evidence for the prediction of coarse- grained animacy-related

semantic features driven by isolated Chinese classifiers.
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Abstract?

Relative clause constructions in Mandarin Chinese are prenominal, which makes it
particularly challenging to actively anticipate a gap site in the absence of a head-noun
filler. Thus, it remains unknown what type of information the parser utilizes to anticipate
the structure of an upcoming relative clause in head-final relative clauses and how
detailed such structure building is before receiving information from the head noun
directly. To address this, we investigated how semantic information in the form of
animacy cues provided by different classifiers in Mandarin Chinese guides the
structure building of upcoming relative clauses. In a series of studies, we manipulated
classifier types (human, non-human, general) to examine whether the parser uses
classifier information to predict the gap site in a head-final relative clause. Our results
suggest that the semantic properties of classifiers can help the parser to make
structural predictions in head-final RC processing before accessing the head noun. In
particular, non-human classifiers guide the parser away from the preferred subject-
gapped RC structure, facilitating a null subject object-gapped analysis.

Key words: relative clause; classifier; animacy; prediction; filler-gap dependency
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1. Introduction

The processing of relative clauses has been one of the most intensively
investigated topics in the field of psycholinguistics, due to their structural complexity
which involves establishing a dependency between a modified noun phrase, i.e., the
filler, and its grammatical position in an embedded clause, i.e., the gap. Much of this
research has been conducted under a framework of active gap filling (Fodor, 1978;
Crain and Fodor, 1985; Stowe, 1986; Frazier, 1987), which proposes that the parser
actively posits gap sites where they are grammatically permissible when processing
filler-gap dependencies. Active gap filling is also often proposed to be a filler-driven
process (Frazier and Flores d’Arcais, 1989). The active search for a gap position is
initiated after a parser identifies a filler (e.g., a wh-question word), perhaps reflecting
an eagerness to resolve the filler-gap dependency to alleviate the burden of
maintaining an unresolved filler in working memory (e.g., Chen, Gibson, & Wolf, 2005;
Fiebach, Schlesewsky, & Friederici, 2002).

However, a filler need not necessarily occur before its gap, and head-final relative
clause constructions are common in languages like Mandarin Chinese. An example of

a Chinese head-final RC is given in (1a).

(1) a. A head-final RC construction in Mandarin Chinese:
[Jingcha zai yiyuan kanjian__Jxcde nage nvhai zhengzai da dian hua
police in hospital see REL thatcL girl now make phone call
GAP FILLER

The girl who the police saw in the hospital was making a phone call.



b. A main clause construction in Mandarin Chinese:
Jingcha zai yiyuan kanjian na ge nvhai zhengzai da dian hua
police in hospital see that CL girl now make phone call

The police saw in the hospital that the girl was making a phone call.

In (1a), both the head noun ‘nv hai’ “girl” and the relativizer ‘de’, which indicates the
RC boundary, appear after the RC, enclosed by brackets. Importantly, this RC
structure is temporarily ambiguous between a main clause, as shown in (1b), and an
RC, until encountering the relativizer ‘de’. Comprehenders generally have a preference
for a main clause analysis over an RC due to the increased processing complexity for
an RC analysis (e.g. Frazier, 1987; Kimball, 1973), and may therefore initially
misanalyze the RC as a main clause, especially given robust evidence that parsers
are highly incremental (Altmann & Kamide 1999, Crain and Fodor 1985, Frazier and
Clifton 1989, Kamide, Altmann, and Haywood 2003, Miyamoto 2002, Traxler and
Pickering 1996). Such a head-final RC construction poses a great challenge for the
filler-driven active gap filling strategy since there is no wh-phrase to indicate the RC

boundaries and no filler NP to initiate the search for its canonical gap.

Relative clauses can, however, also be discontinuous in Mandarin Chinese. In
these constructions, the classifier, which is dependent on the head noun of the filler,
can be stranded to the left of the RC while the relativizer and head noun remain to the
RC’s right. Incrementally, this can provide a grammatical cue to the presence of the

RC when the classifier and its following word mismatch, as in (2a-b), potentially



permitting comprehenders to recognize the presence of an RC before processing the
relativizer. In (2a), the dislocated classifier “wei” can only modify human nouns and its
head noun “jizhe” (journalist) is located after the RC. The immediate adjacent word is
“‘jushi” (rock), which is a mismatched noun to the classifier. This mismatch can be a
potential cue for the comprehenders that the classifier-noun phrase is divided by an
RC. (2b) demonstrates the classifier mismatch in a different type of RC, object-gapped
RC. The word next to the classifier “kuai” is a verb “zadao” (hit), creating a category

mismatch, and thus can also lead to the disambiguation of the sentence structure.

(2) Mismatched classifier when with an inserted subject-gapped RC:
a. na wei [jushi zadao] de jizhe jingtide  huangu sizhou.
That CLuman) rock hit REL journalist cautiously look surroundings

The journalist that the rock hit looked about his surroundings cautiously.

Mismatched classifier when with an inserted object-gapped RC:
b. na kuai [zadao jizhe ] de jushi zhangzhe qingtai.

that CLgock it journalist REL  rock grow moss

The rock that hit the journalist is covered with moss.

Previous studies in Chinese RC (Hsu 2006, Wu et al, 2009, Chen et al, 2013; Wu
et al, 2014) have demonstrated that comprehenders are able to utilize this mismatch
cue to anticipate the presence of an RC, suggesting that the processing of head-final
RCs can happen even without decisive information from the substantive part of filler

(i.e., nouns) and the relativizer. For example, in the self-paced reading experiment



conducted by Wu et al. (2009), faciliatory effects at the adverbs after the head nouns
(“jingtide” as in (2a)) and at the main verbs (“huangu” as in (2a)) were found in the
sentences with dislocated mismatched classifiers compared with the sentences
without the dislocated classifiers. These results suggest that discontinuous classifier
constructions allow comprehenders to recognize the presence of a head-final RC early
in processing. What is unclear, however, is how much structure comprehenders are
able to anticipate with these relatively abstract grammatical cues. Does the parser
actively posit different gap sites depending on the grammatical information of a
classifier? The goal of this paper is to demonstrate that even without a filler, the
(in)animacy feature of classifiers can not only guide the parser’s early disambiguation

of an ambiguous RC but also generate expectations for particular gaps inside the RC.

The paper is structured as follows. We first overview the active gap filling
framework and some of the key studies that investigate the role of classifiers in head-
final RC processing. Then we present three experimental studies, one sentence
completion task, one eye-tracking study and one self-paced reading study, and talk in

detail about our experimental results in the discussion section.

Filler-gap dependency in relative clause and active gap search

RC constructions allow a noun phrase (NP) to be modified by an entire clause. To
process sentences containing such a structurally complex form, comprehenders must
be able (a) to recognize the boundary of RC, distinguishing the embedded clause from

the main clause and (b) to establish a link between the modified NP and its

6



grammatical position inside the RC. For head-initial RC constructions like in English, a
filler NP appears before the embedded clause and sometimes there is also a relativizer
explicitly marked as an RC boundary, making the process of recognizing an embedded
RC much easier. Then for the establishment of the link between the NP and its
canonical site within the RC, as known as the filler-gap dependency, it has been proved
to be an active search process. The parser postulates a gap site in advance of
sufficient bottom-up input confirming that analysis (Crain & Fodor, 1985; Frazier &
Clifton, 1989; Frazier, 1987; McElree & Griffith, 1998; Omaki et al., 2015; Parker, 2017;
Pickering & Traxler, 2003; Staub, 2010; Stowe, 1986; Traxler & Pickering, 1996). Early
self-paced reading studies (e.g., Crain & Fodor, 1985) demonstrated slower reading
times at regions where gaps were expected but absent, suggesting that
comprehenders predict gaps and experience processing difficulty when their
predictions fail. An eye-tracking while reading study by Traxler and Pickering (1996)
manipulated the plausibility between a displaced filler and the verb within the RC, and
found longer reading time at the verb when the filler is a semantically implausible object
for the verb compared with when the filler is a semantically plausible object. The
observed plausibility mismatch effect demonstrated that comprehenders have built a
sufficiently detailed structure in which the filler takes on the thematic role of Theme of
the verb and therefore confines its gap to the direct object position. That this effect
could be observed as early as at the verb indicates that the active expectations for a
gap site is rapidly initiated after the parser detects a filler. In this sense, the parsing of

filler-gap dependency involves a predictive mechanism as postulating a gap site in



advance requires top-down knowledge.

Investigation focus has also been given to the detailed structure building during
active gap search, like, where comprehenders posit the gap sites. Some studies show
a general preference for subject gap over object gap (Wanner & Maratsos, 1978; Ford,
1983; Holmes & O'Regan, 1981; King & Just, 1991; Lee, 2004). Lee (2004) observed
a filled-gap effect at the subject position in conditions where a subject gap is
grammatically licensed compared with conditions where a subject gap is grammatically
prohibited. This subject-gap preference might reflect the parser’'s eagerness to
complete the filler-gap dependency due to the working memory burden as subject-
gapped RCs involve shorter distances (King & Just, 1991; Gibson, 1998). Moreover,
some studies suggest that active gap filling operates with such eagerness that it
disregards bottom-up lexical-semantic information about the gap sites (Pickering and
Traxler 2003; Staub 2007; Omaki et al., 2015). In Pickering and Traxler’s self-paced
reading and eye-tracking studies in 2003, they use optionally transitive verbs which
are more frequently used as intransitive verbs to test whether the parser still
misanalyses the filler as the object of the verb. The results suggest that the parser
predicts the gap ahead of the verb, insensitive to bottom-up lexical inputs that indicate
the plausibility of a gap site. Furthermore, Omaki et al. (2015) demonstrate how hyper
active the gap filling can be by showing the parser attempts to posit a gap at the direct
object position for the filler even with strictly intransitive verbs. It suggests that the
active search for the gap is triggered before consulting verb subcategorical information.

These findings indicate that active gap filling prioritizes dependency formation over



integrating detailed lexical-semantic cues, highlighting the proactive nature of real-time
language processing.

However, some semantic factors can indeed modulate the eager active gap filling.
For example, the animacy of a filler has been shown to modulate the parser’s
expectation for RC type (Mak, Vonk & Schriefers, 2002, Traxler, Morris & Seely, 2005,
Gennari & MacDonald, 2008). In a sentence completion task in Gennari and
MacDonald’s study (2008), they found that people tend to complete an RC as an
object-gapped RC with given an inanimate filler NP compared with an animate filler
NP, which they complete as subject-gapped RC. In their self-paced reading experiment,
they find that processing difficulty emerges as early as the relative clause subject when
given an animate filler NP. Lowder & Gordon (2014) also find a similar effect in eye-
tracking. More recent work by Bovolenta and Husband (2023) shows evidence that
subject noun animacy can guide comprehenders to predict different verb phrase
structures. For example, an inanimate subject predicts that the subject is derived,
hence more object relative clauses will be predicted. Based on these results Gennari
& MacDonald (2008, 2009) proposed the Production-Distribution-Comprehension
account, arguing that an animate filler NP leads to an expectation of a subject gap
while an inanimate filler NP induces a stronger expectation of an object gap. Their
theory can be grouped under the label of “expectation-based” theories, which also
include the word-order frequency theory (Bever, 1970; MacDonald & Christiansen,
2002), surprisal/expectation framework (Hale, 2001; Levy, 2008), and entropy-

reduction accounts (Hale, 2003). The central idea of expectation-based theories is that



comprehenders dynamically adjust the likelihood of the upcoming linguistic inputs and
generate up-to-date predictions based on the structure or features demonstrated in the
previous inputs. The observation that the animacy of the filler NP can affect gap
preference fits the prediction of expectation-based accounts.

Filler-gap dependency in Chinese head-final relative clauses

In Chinese RC constructions, which are prenominal, the relative order between
the filler and gap is reversed: the gap appears before the filler. This typological
difference in filler-gap position may potentially affect how the parser perceives RC
structures. In head-final RC constructions like Chinese, active gap filling, which is
assumed to be initiated by the filler in the previous studies on head-initial RCs, is not
applicable as the filler is not available for the parser to initiate any gap search.
Moreover, a relativizer that explicitly indicates the beginning of an RC is also absent in
head-final RCs. Instead, The relativizer marks the right boundary of a prenominal RC,
occurring right before the head noun. Consequently, whether and how the parser can
make any prediction about an upcoming RC becomes an intriguing question to
investigate.

Despite the structural difference between head-final RCs and head-initial RCs, the
dependency relations between the gap and the head (filler) in head-final RCs still
remain valid as in head-initial RCs. In Chinese head-final RC, there is processing
evidence from a classic self-paced reading study by Hsiao & Gibson (2003) showing
that object-extracted relatives are processed more easily than subject-extracted

relatives in Chinese, the reverse of the English pattern. Their design and analysis tie
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the processing difficulty to dependency length and the locus of integration: because
Chinese RCs are prenominal, the head noun appears after the clause, so a subject-
extracted RC carries a longer filler gap dependency distance and thus heavier
integration/storage demands at the relativizer de and head-noun region than an object-
extracted RC. This localization cost demonstrates the processing trace between the
external head and the grammatical position inside an RC. Packard, Ye & Zhou (2011)
also report converging EEG results. They found larger P600 effects for subject-
extracted RCs than for object-extracted RCs at the relativizer and the head noun. They
interpret the P600 effects as the cost of linking the head to the grammatical gap inside
an RC. Furthermore, a series of studies conducted by Kwon and colleagues (2008,
2010, 2013) established how comprehenders create and resolve filler gap
dependencies in Korean head-final structures. Though Korean has overt case making
system while Chinese does not, the head-final structural features are comparable
between the two languages. In their eye-tracking experiment (2010), Kwon et al. found
a robust subject-extracted RC advantage in Korean and argued that cue-based
parsing (case, animacy, structural frequency) guides early gap projection and
modulates later integration cost at the head noun—i.e., the parser behaves as if a gap
is actively posited and then linked to the upcoming head. In ERP, Kwon et al. (2013)
showed asymmetry P600 effects in subject/object RCs and interpreted the effects as
structural integration and modulation by case cues, again consistent with the active
formation of a syntactic filler-gap dependency. Taken together, in head-final RC

construction, early gaps are licensed based on available cues even without head
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nouns, and there are processing costs for forming and integrating a syntactic
dependency between the gap and the filler demonstrated by timing signatures and

asymmetries when processing different types of RCs.

Role of classifier in head-final relative clauses

What linguistic information is available for the parser to license a gap in a
prenominal RC when the head is not yet available? One sensible way to probe into
this issue is to examine cues that can indirectly indicate RC boundaries and investigate
whether they can be utilized by the parser to detect RCs in advance. As mentioned
earlier in the introduction, a head-final RC could be temporarily ambiguous between a
main clause and an RC construction before the appearance of the relativizer “de”.
However, the mismatch between linearly adjacent words can potentially indicate the
boundary between the main clause and the embedded RC. For instance, when an NP
is modified by a classifier and a prenominal RC at the same time, the classifier can
surface in front of the RC or after, as shown in (3a) and (3b). The classifier is
semantically compatible with its head noun, meaning a classifier can only modify a
specific type of nouns. This close relation between a classifier and its head noun has
been attested with much empirical evidence (Huettig et al., 2010, Zhang et al., 2012,
Zhou et al., 2010). Thus, in cases like (3b) where an RC comes between a classifier
and a noun, the mismatch between the classifier (“ben” ClLoook) and the immediately
following word (“peng you” “friend”, a human noun) inside the RC, provide a cue that

an RC is inserted in between the classifier and the head noun, and the head noun for
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the classifier will come after the RC.

(8) Classifierimmediately preceding its head noun:
a. [peng you tui jian ] de zhe ben shu
Friend recommend REL this CLbooky book

The book that a friend recommended.

Classifier dislocated from its head noun:
b. Zhe ben [ peng you tui jian ] de shu
This  CL(book) friend recommend REL book

The book that a friend recommended.

How reliable is this classifier mismatch cue to serve as a cue for an upcoming NP
structure that includes an RC? We first need to validate the syntactic relation between
the classifier and the noun, and then discuss the syntactic possibilities for classifier
mismatch. A widely adopted point of view for the classifier-noun relation is that it is
strictly local (Cheng & Sybesma 1999; Zhang 2013; Jiang, Jenks & Jin 2022). A
classifier is treated as part of the extended nominal spine: Demonstrative > Numeral >
Classifier > NP. Under this view, a classifier is a functional head that selects an NP
complement and is itself selected by a numeral or demonstrative. A classifier
composes with its sister NP inside the nominal domain and cannot cross over

intervening clausal material to find another noun. Given this locality constraint, when
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the word immediately following a classifier does not satisfy its selectional requirements,
i.e., a semantically compatible noun, for example, a verb or a semantically
incompatible noun, since the classifier cannot project across clausal boundaries or re-
attach to some distant DP, the only syntactically legitimate continuation is that the
classifier and its head noun remain within the same DP, with some intervening material
inside that DP, i.e., a modifying RC as demonstrated in (3b). Thus, a classifier
mismatch necessarily signals that a prenominal RC is inserted between the classifier
and its head noun, and that the classifier will ultimately attach to the head noun
following the RC.

To further justify the use of the classifier mismatch configuration as an unambiguous
predictive cue for the upcoming RC structure in Chinese, other possible continuations
following a classifier mismatch that do not lead to an RC have to be examined and
eliminated. To start with, classifier floating, which allows classifiers to appear clause-
internally and be linearly separated from their host NP, is commonly found in other
classifier languages such as Japanese and Korean. However, it is not commonly
allowed in Mandarin Chinese. There are some cases in Mandarin Chinese where
classifiers appear to be “stranded” and thus seemingly creating a classifier mismatch
configuration without leading to an RC construction, as shown in (4a) and (5a).
However, these cases are typically nominal-internal configurations like ellipsis, or
topicalization in particular discourse, not truly clausal-level classifier floating. (4a)
shows the focus fronting of a nominal quantity phrase with NP ellipsis. In replies to the

‘how many” question, the fronted Numeral-Classifier phrase bears a narrow focus
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(answering precisely the quantity) and thus the NP is elided. Mandarin allows for focus-
fronting in the left periphery, and a left-edge operator binds an empty internal argument
inside the VP, see (4b) for the syntactic structure. (5b) is a demonstration of the
topicalization of NP. In this Topic-comment structure, the NP is a left-dislocated topic
(aboutness topic), and the NP inside the comment clause is elided and coindexed with
the topic. Thus, the split between the noun and its classifier is induced by topicalization
rather than by a classic clause-internal floating classifier construction. Such focus-
fronting and topicalization are discourse-driven operations that are licensed only in
specific information-structural contexts (e.g., contrast or emphasis), and are

dispreferred in neutral sentences.

(4) Focus-fronting with NP ellipse:
a. Q: ni chi le ji wan fan?
You eat PERF howmany CL rice
How many bowls of rice did you eat?
A:san wan wo chi. le.
Three CL | eat PERF

Three bowls (of rice) | ate.
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b. Syntactic structure of 4a

FocP

/\

DPfocus TP
/\
NumP DPsubj VP
Num Clp wo Vv Asp DP
/\ |
san Cl NP chi le t
|
wan NG

(5) Topicalization of NP:

a. Fan wo ~chi Ile san wan

Rice | eat PERF three CL

For rice, | ate three bowls (of it).
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b. Syntactic structure of the topicalization of NP

TopP

DPtopic
fan DPsubj

wo DPobj

san Cl NP

A further logical possibility is that a classifier might modify a null pronoun (pro), and
such a construction, in principle, appears without an overt noun and hence creates a
mismatch between a classifier and the following word. However, there is no theoretical
or empirical need to posit a special “classifier + pro” configuration in Mandarin Chinese
to explain “numeral+classifier” strings that surface without an overt noun. “Classifier +
pro” would place a referential null pronoun in the complement of the classifier, which

is theoretically uneconomical and, empirically, collapses into the well-attested NP
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ellipsis account (e.g., Cheng & Sybesma 1999; Zhang 2013; Jiang, Jenks & Jin 2022;
Saito, Lin & Murasugi 2008). Besides, as mentioned earlier, a classifier is a functional
head in the nominal domain: it selects an NP and itself is selected by a numeral or a
demonstrative. Thus, allowing a classifier to modify a DP or assuming a null pro
violates standard local selection and category-selection assumptions: the classifier
does not combine with DP/pro, but with N/NP, which may be silent under ellipsis.
Besides theoretical accounts, there is already empirical evidence of head-final RC
studies supporting that a mismatched classifier can be effectively detected and used
as a cue to predict RC structure, both in Japanese (e.g., Phillips & Lau, 2004; Yoshida,
2006; Yoshida, Aoshima & Phillip, 2004) and in Mandarin Chinese (Hsu 2006, Wu et
al, 2009, Chen et al, 2013; Wu et al, 2011, 2014, 2018). A self-paced reading study
reported in Hsu (2006) found a facilitation effect of classifier mismatch for predicting
RC structure when presented with RC-biased discourse contexts, i.e., contexts which
introduce two referents and create the need to use modifiers like RC constructions to
distinguish the two previously mentioned referents apart. Furthermore, Wu et al. (2009)
conducted a series of self-paced reading studies to examine whether classifier
mismatch can serve as a reliable cue to facilitate RC prediction in isolated sentences
and also compared between subject-gapped RC and object-gapped RC. They found
facilitatory effects of mismatched classifiers in both subject-gapped RCs and object-
gapped RCs without the support of contexts. Shorter reading times were found at the
adverbs after the head nouns (“jingtide” as in (6a)) and at the main verbs (“huangu” as

n (6a)) in (6a) and (6¢c) compared with (6b) and (6d). These results suggest that
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discontinuous classifier constructions allow comprehenders to recognize the presence
of a head-final RC early in processing. Additionally, they also found that the facilitation
effects were numerically larger in subject-gapped RC conditions compared to object-
gapped RC conditions, indicating the possibility that pre-RC classifiers might be more
effective in subject-gapped RCs. One possible reason is that, a classifier-verb
mismatch as in subject-gapped RC is more unambiguous and easier to recognize than
the classifier-noun mismatch as in object-gapped RC, thus the classifier mismatch
cues are potentially more in subject-gapped RCs. Converging evidence for the
classifier mismatch effects also comes from the visual world eye-tracking paradigm by
Wu and colleagues in 2014, which shows that comprehenders can use mismatched

classifier cues to anticipate a correct RC parse.

(6) Object-gapped RC with classifier:

a. nawei jushi zaidao de jizhe jingtide  huangu sizhou.
That CL(human) rock hit REL journalist cautiously look-about surroundings

The journalist that the rock hit looked about his surroundings cautiously.

Object-gapped RC without classifier:
b. jushi zadao de jizhe jingtide huangu sizhou.
rock hit REL journalist cautiously look-about surroundings

The journalist that the rock hit looked about his surroundings cautiously.
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Subject-gapped RC with classifier:
c. na kuai zadao jizhe de jushi zhangzhe qingtai.
that CLocky hit journalist REL rock grow moss

The rock that hit the journalist is covered with moss.

Subject-gapped RC without classifier:
d. na kuai zadao jizhe de jushi zhangzhe qingtai.
hit journalist REL rock grow moss

The rock that hit the journalist is covered with moss.

(Example sentence from Wu et al., 2009)

The studies mentioned above demonstrate that the parser is able to use
mismatched classifiers to facilitate the processing of recognizing an RC domain.
However, not much attention has been given to whether a classifier can also play a
role in modulating the parser’s expectancy of a gap after realizing the presence of an
RC. How the filler-gap dependency is completed in head-final RCs remains largely
unknown. One underlying assumption of the active gap filling strategy when it was
proposed is that, it is a filler-driven process. The expectation of an RC and a gap at
the earliest possible position is triggered after the parser perceives a filler and the
motivation for such expectation is the working memory burden of maintaining a filler.
Now head-final RC constructions and the mismatched classifier cues provide a perfect
test ground to investigate if the active filler strategy can be generalized to a broader
“ active dependency strategy”, which could be initiated by either a filler or a gap or any
usable linguistic cues. Building upon the findings that a mismatched classifier can

trigger an expectation of an RC, we ask further questions about whether an
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expectation of detailed gap sites can also be triggered, or the processing of active gap
search cannot be initiated in head-final RCs due to the absence of an actual filler.
Dislocated pre-RC classifiers containing animate features allow us to test this issue.
As we reviewed earlier, manipulating the animacy of filler NPs can modulate the
parser’'s RC gap preference, so we wonder if the animacy feature of a classifier can

motivate an active prediction of gap sites.
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2. The present study

In this study, we probe further into the role of mismatched classifiers, to investigate
whether the animacy information provided by classifiers can guide the parser’s
preference for gap sites in head-final RCs. The semantic feature that a classifier shares
with its head noun can potentially be utilized to predict detailed structure building, i.e.,
which type of RC to expect. For example, a classifier “ben” indicates that the head

” ” o« ”

noun must be a book-like noun phrase like “shu” “book”, “xiang ce” “photo album” or

LI

‘za zhi" “magazine”. However, at the same time verbs also constrain the possible

thematic roles that a NP can take on. A transitive action verb like “hu lue” “ignore”
assigns the thematic role of Agent to its subject. In this case, an NP like “za zh/”
“magazine”, which is modified by the classifier “ben”, cannot take on the Agent role for
the verb and therefore cannot be an eligible subject. So a classifier which suggests
that the NP is inanimate can potentially guide the comprehenders to avoid positing a
subject gap in an RC. Furthermore, it is possible to have a null subject structure in
Mandarin Chinese though it might be dispreferred, as shown in (7a), thus it would still
be grammatical for comprehenders to assign the thematic role of Patient to an
inanimate NP even the Agent role is not occupied. Such a null subject RC as in (7a) is
temporarily ambiguous with a subject-gapped RC reading as shown in (7b), before
encountering the relativizer “de” and the head noun. In an object-gapped RC with null
subject (ORC-NS): “demonstrative + classifier + verb + REL + head noun”, both the

subject and object of the RC are null. The subject of the RC is a pro and the object is

a gap as the dependent of the filler NP.
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a. Object-gapped relative clause with null subject
Na ge hulue de xiansuo
That CL ignore REL clue

The clue that (someone) ignored.

b. Subject-gapped relative clause
Na ge hulue xiansuo de jing guan
That CL ignore clue REL police officer

The police officer that ignored the clue.

In this study, we use the mismatch between classifiers and transitive action verbs
in ORC-NS constructions as shown in (8a-c). We distinguish three types of classifiers:
human classifiers, non-human classifiers, and a general classifier, thus creating three
conditions. Human classifiers only modify human NPs like “xiao hai” “child”, “ji zhe”
“‘journalist”. The general classifier “ge” does not contain specific animacy features
about its head nouns and can basically modify any type of nouns including the nouns
which are usually modified by a specific set of classifiers. For example, human NPs
like “xiao hai” “child”, “ji zhe” “journalist” can also be modified by the general classifier
“ge”, in more informal or colloquial situations. The non-human classifiers cover a very

wide range of noun selections, however, in this study, we only select the classifiers and

nouns that are strictly inanimate and are unable to serve the Agent role for active verbs.
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One thing to note here is that we only focus exclusively on the human nouns, which is
the most animate group in the Animacy Hierarchy, and the non-living inanimate entities,
which rank in the least animate group. We choose only the two extreme ends on the
Animacy Hierarchy to maximize the feature contrast in the linguistic encodings and
thematic role assignments. Some intermediate categories in the Animacy Hierarchy
like natural force (e.g., hurricane), which is semantically inanimate but behaves in ways
that are more similar to animate categories as it can initiate movement, change course,
and cause destruction, injury, and death (Lowder et al., 2015). The thematic roles for
natural forces can therefore be Agent. In this study we avoid such categories which
are potentially ambiguous in terms of thematic roles and choose only the human
category, which ranks top on the animacy hierarchy and often takes on the Agent role
and static inanimate categories, which are generally considered to be unambiguous
non-living and cannot take on the thematic role of Agent.

In our design as shown in the example items in (6a-c), if the parser can utilize the
semantic information of the classifier to posit a gap in a relative clause, it is more likely
for the parser to be led to a garden path when it encounters a human classifier with
ORC-NS constructions. With a human classifier, the parser will expect a subject-
gapped RC structure because the classifier indicates that the filler NP is a suitable
subject in an RC, and the parser will posit the gap at the subject position and expect
an object noun phrase to show up. When the parser does not encounter an object but
a relativizer, it will disconfirm the prediction of a subject-gap analysis and the parser

will have to reanalyze the RC structure. On the other hand, if the classifier is a non-
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human classifier, the parser might realize in advance that the head noun is an

inanimate object and is not eligible to be the subject of the verb. Then the parser might

consider a null subject and posit the gap at the object position. Therefore, when the

parser reaches the relativizer and the head noun, no garden path effect is expected.

The general classifier “ge” may be seen as a baseline condition since a general

classifier cannot provide additional information to help the parser determine sentence

structure. However, garden path effects are still expected to show up because a

subject-gap structure is, in general, preferred. The expectation is that the reading

disruption effects would be much greater in the human classifier condition than in the

general classifier condition.

(8)

a. Human classifier condition

Na ming jiandao de haizi vyijing xingguolai Ile
That CL find REL child already awake PERF

The child that (someone) found is already awake.

General classifier condition
Na ge jiandao de yingbi vyijing zangxixide le
That CL find REL coin already dirty PERF

The coin that (someone) found is dirty.

Non-human classifier condition
Na zhang jiandao de yinhangka vyijing huangei shizhu le
That CL find REL card already return owner PERF

The credit card that (someone) found has already been returned to its owner
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3. Experiments
Experiment 1: Sentence completion

As discussed earlier, there are possible configurations in which classifier
mismatch does not necessarily cue an RC construction. Although such configurations
either arise only in specific discourse contexts or are theoretically ruled out, it is still
important to verify how reliable the classifier mismatch cue is in predicting an RC
structure. Thus, a sentence-completion task was conducted to examine (a) whether
comprehenders use a mismatch between a classifier and the following verb as a cue
to produce a relative clause, and (b) whether a non-human classifier biases
comprehenders toward producing more object-gap relative clauses with a null subject.
Participants

439 native Mandarin speakers were recruited on Wenjuanxing, a Chinese online
survey platform. They were all given informed consent and received shopping
vouchers as compensation for their time. All methods used were approved by the
Social Sciences and Humanities Interdivisional Research Ethics Committee and the
University of Oxford (Ref. No. R66947).
Material

An example set of items used in the sentence completion task is given in (9a-c).
Transitive verbs and experience verbs which allow a null subject are selected. Each
verb was combined with a human classifier “ming” or “wei”, the general classifier “ge”,

and a non-human classifier such as “ben”, “tiao” or “zhang”, forming 32 experimental

items with three conditions. Experimental items long with 192 filler items were
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counterbalanced and evenly distributed to 12 lists.

(9) Example set of sentence fragments:

a. Human classifier condition

B % = ABIN
Na ming xi huan
That CLhuman Ilke

b. General classifier condition

il b EX
Na ge xi huan
That CLgeneral Ilke

c. Non-human classifier condition
E Vi =X
Na ben Xi huan

That CLnon-human Ilke

Procedure

Participants were first presented with a brief introduction, stating that they were
expected to complete the sentence with the appropriate content in their mind and there
was no time pressure on finishing the list, followed by examples of how to complete
sentence fragments. Each participant was randomly assigned with one of the twelve
lists, manipulated by the built-in randomization program of the survey platform. The

estimated time for completing a list was 2-5 minutes.
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Results

3512 responses were collected and analyzed. In 69.3% (2434 out of 3512)
participants produced relative clause structures when “classifier + verb” is given. 21.9%
(768 out of 3512) were invalid answers including ungrammatical sentences, claims that
they were not sure how to complete the sentence and nonsensical responses. 8.8%
were grammatical sentences other than relative clauses. This result shows that the
“classifier + verb” prompt effectively elicited relative clause constructions (X? = 2136.2,
df = 2, p <.001). Among the responses that produced relative clauses, 1452 of them
(59.7%) were subject-gapped relative clauses, and the remaining 982 responses
(40.3%) were object-gapped relative clauses. In human classifier condition, 92.2%
(720 out of 781) were subject-gapped relative clause, which is predominately higher
than object-gapped relative clauses (X? = 556.06, df = 1, p <.001). in general classifier
condition, 71.4 % were subject-gapped relative clauses which is also significantly
higher than the object-gapped relative clauses (X? = 158.7, df = 1, p < .001). However,
in non-human relative clause conditions, only 14.1% were subject-gapped relative
clauses which is significantly lower than object-gapped relative clauses (X? = 403.89,
df =1, p <.001). Most participants (85.9%) gave object-gapped relative clauses when
seeing a non-human classifier. A summary of counts and percentages of types of

responses is presented in Table 1.
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Structure Relative clause Other structures
Subject-gapped  Object-gapped Others Grammatical
Condition
781 (67.0%) 384 (33.0%)
Human CL 276
720 (92.2%) 61 (7.8%) (71.9%) 108 (28.1%)
871 (66.1%) 447 (33.9%)
General CL 357
622 (71.4%) 249 (28.6%) (79.9%) 90(20.1%)
782 (76.0%) 247 (24.0%)
Non-human CL 135
110 (14.1%) 672 (85.9%) (56.6%) 112 (49.4%)
2434 (69.3%) 1078 (30.7%)
Total 768
1452 (59.7%) 982 (40.3%) (71.2%) 310 (28.8%)

Table 1. Counts and percentages of different types of responses

Discussion

From an overall view, a majority of native Mandarin speakers (69.3%) produce a
relative clause construction for classifier + verb constructions, suggesting that the
mismatch between a dislocated classifier and its following verb was an effective cue
to indicate that a relative clause was expected to occur in between the classifier and
the head noun. As for the 8.8% grammatical responses which are non-relative-clause
structures, they can be categorized into two types. In the first type, participants treated
the classifier as a noun and they were not expecting another noun as a head. Therefore,
no relative clause structure is produced. These classifiers that can function as nouns

and elicit non-relative-clause structures were excluded from the experimental material
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for the following eye-tracking and self-paced reading studies. Another type of non-
relative-clause structure occurred when participants treated the verb as the head noun.
Some words in Chinese can be used in different word categories. Due to the lack of
an inflection system, there is no morphological difference for a word when it is in
different syntactic categories and the interpretation of the syntactic category of a word
is often largely context-dependent. Therefore, some participants considered the word
following a classifier as the head noun instead of a verb, and no relative clause was
elicited. The verbs that can also be used as nouns were also excluded from the
experimental material for the following eye-tracking and self-paced reading studies.
The proportions of subject-gapped relative clause (71.4%) and object-gapped
relative clause (28.9%) in general classifier condition further confirm the hypothesis
that subject-gapped relative clause structure is preferred over object-gapped relative
clause with null subject. In human classifier condition the preference for subject-
gapped relative clauses grew (92.2%) while in non-human classifier condition, the
proportion for subject-gapped relative clauses dropped dramatically (14.1%),
suggesting that people can utilize and be guided by the semantic features of various
classifiers to predict the semantic features of the head nouns and thus predict different

gap site in relative clauses.

Experiment 2: Eye-tracking study
The aim for the eye-tracking while reading experiment was to examine whether

the parser utilize the semantic information provided by different classifiers (human,
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non-human and general) in real-time processing to guide structure building of
upcoming relative clauses.
Participants

42 native Mandarin Chinese speakers were recruited in Oxford (age: 19 to 56; 29
females and 13 males). All of them reported normal or corrected-to-normal vision. The
average time for the whole process of this experiment was around 45 minutes and
participants received £8 cash as compensation for their time.
Material

Materials consisted of 12 experimental items and 24 filler items. In the
experimental items, we used object-gapped relative clauses with null subject and
paired them with three different types of classifiers, creating three conditions: human
classifier condition, general classifier condition and non-human classifier condition. An
example set is given in (10a-c). These experimental items were selected based on the

results of the sentence completion task.
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(10) Example set of stimuli:

a. Human classifier condition

i | & 3 i) % T g & [V 3 I
Na ming jian dao de hai zi yijing  xing guo lai le
That CL find REL child already awake PERF

The child that (someone) found is already awake.

b. General classifier condition

woA wEom Wl g2 2o I
Na ge jiandao de yingbi yijing  zang xi xi de le
That CL find REL coin already dirty PERF

The coin that (someone) found is dirty.

c. Non-human classifier condition

P | B om WA R o & 7 S SO
Na zhang jiandao de yinhangka vyijing huangei shizhu le
That CL find REL creditcard already return owner PERF

The credit card that (someone) found has already been returned to its owner.

Procedure

Eye movements were recorded with an EyeLink 1000 system (SR Research) at a
sampling rate of 1,000 Hz. Calibration and validation were performed at the beginning
of each block and throughout the experiment as needed. The participants were asked
to read the sentence on the screen and to fixate at a black dot at the top-right corner
area of the screen when they finished reading. Then a true/false question related to

the previous sentence was displayed and the participants should answer the question
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according to their understanding of the previous sentence by pressing a button. One-
third of the trials were followed by comprehensive questions and the participants were
told to read the sentences carefully and make sure to answer the true/false questions
correctly. An introduction of the procedure was given first and then they would enter a
practice session with four filler trials. After this practice session, they would go through
three experimental blocks in which the experimental trials and the filler sentences were
presented in a pseudorandom order ensuring that no more than two consecutive trials

are from the same experimental condition.

Data analysis

First fixation, first pass reading time, regression path duration, total dwell time,
regression in and regression out were the main measures reported in the online
sentence processing and were defined as follows. First fixation duration and first pass
reading time are viewed as an early measure of initial sentence processing (Clifton,
Staub and Rayner, 2007). Regression path duration and total dwell time are
considered to indicate the reading difficulties at more intermediate stages of sentence
processing. Fixation points shorter than 80ms were automatically incorporated into
larger ones since not much information can be extracted from such short fixations
(Rayner and Pollatsek, 1989). All these measures were processed and calculated by
DataViewer.

Six interest areas (IA) were defined: the determiner (Det), the classifier (CL), the

verb(V), the relativizer (REL), the head noun(N), and the spill-over. The REL and N
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regions were the critical areas where reading disruptions were expected to occur in
the human classifier condition and reading facilitations in the non-human classifier
condition. The general classifier was taken as the baseline condition to compare the
effects of the human classifier and non-human classifier. Statistical analyses were
carried out over the eye-tracking measures mentioned above in these regions using
linear mixed-effect models (Baayen et al., 2008). The mixed effects models included

random intercepts for participants and for items.

Results

Table 2 presents the participant means on each measure for each region in
milliseconds, and Table 3 presents a summary of model estimates and t-values for six
eye movement measures. In the Det region, a longer total reading time was found in
the human classifier condition compared with the baseline general classifier condition
(Est. =14.515ms, t=2.692, p=0.007). No effects were found in any other measure in
either the human classifier condition or the non-human classifier condition. In CL
region, the first fixation (Est.=20.310ms, t=3.619, p<0.001), first pass reading
(Est.=20.374ms, t=3.155, p=0.002), regression path duration (Est.=17.930ms, t=2.131,
p=0.040) and total reading time (Est.=54.073ms, t=4.811, p<0.001) all showed main
effects of human classifier. Reading time was longer when with a human classifier than
when with the general classifier. No effect showed up in the non-human classifier
condition in any measure. In V region, longer time in the measures of regression path

duration (Est.=33.814ms, t=2.042, p=0.049) and total reading time (Est.=117.610ms,
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t=3.809, p<0.001) were observed in human classifier condition. The verb region also
received more regression-ins from the later region in the human classifier condition
(Est.= 0.053, t=3.038, p=0.004) and fewer regression-ins in the non-human classifier
condition (Est.=-0.036, t=-2.155, p=0.038).

In the REL region, which is the critical region, regression path duration
(Est.=66.300ms, t=3.499, p=0.001) and total reading time (Est.=46.590ms, t=3.969,
p<0.001) revealed longer fixation time in human classifier condition. More importantly,
evidence for significant reading facilitation in non-human classifier showed up in the
measures of first fixation (Est. =-12.241ms, t=-2.399, p=0.021), first pass reading
(Est.=-14.172ms, t=-2.545, p=0.015), regression path duration (Est.=-39.380ms, t=-
2.077, p=0.045) and total reading time (Est.=-48.620ms, t=-4.139, p<0.001) with
shorter fixation time compared with baseline condition. Figure 1a presents the
comparison of different conditions in first-pass reading and regression path duration at
the REL region. In the N region, which was also a critical region, significant differences
emerged in human classifier condition in the measures of first pass reading
(Est.=14.337ms, t=2.326, p=0.026), regression path duration (Est.=86.640ms, t=4.310,
p<0.001) and total reading time (Est.=58.670ms, t=2.390, p=0.022) with longer reading
time. In the non-human classifier condition, a significant effect showed up in regression
path duration (Est.=-58.270ms, t=-2.842, p=0.007) and total reading time (Est. =-
81.350ms, t=-3.314, p=0.002) with shorter fixation and also a marginal effect in first-
pass reading (Est.=-11.868ms, t=-1.898, p=0.065) compared with baseline condition.

Figure 1b shows the comparison of different conditions in first-pass reading and
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regression path duration at the head noun region.
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Figure 1. First pass reading time and go past reading at the relativizer and the
head noun region.

36



Measure that CL \Y REL N spill
First fixation

General CL 229.87  231.03 233.87 208.77 197.30 218.78
Human CL 26743 27752 234.46 207.67 209.03 225.35
Non-human CL 259.80 25093 228.42 186.76 198.15 215.86
First pass

General CL 262.08  241.96 300.92 212.34 215.26 248.59
Human CL 280.59 29793 324.59 215.81 233.85 257.02
Non-human CL 283.88  272.88 299.94 189.26 206.35 239.65
Regression path

General CL 262.08  244.84 366.85 237.29 282.27 294.73
Human CL 280.59  301.97 406.66 261.28 319.55 317.54
Non-human CL 29156  281.68 381.88 220.89 254.15 269.76
Total reading time

General CL 52.47 149.95 555.39 185.72 377.93 358.49
Human CL 78.05 260.96 727.85 230.14 414.21 415.56
Non-human CL 59.77 209.53 544.25 134.08 271.35 326.75
Regression in

General CL 0.87 0.92 0.80 0.52 0.37 0.25
Human CL 0.93 0.92 0.87 0.47 0.36 0.27
Non-human CL 0.92 0.93 0.78 0.48 0.35 0.21
Regression out

General CL - 0.01 0.11 0.14 0.19 0.14
Human CL - 0.01 0.11 0.16 0.17 0.14
Non-human CL - 0.01 0.13 0.13 0.14 0.15

Table 2. Mean reading time in each measure in milliseconds
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measure that REL spill

Est. t Est. t Est. t Est. t Est. t Est. t
First fixation
(intercept) 204.70 10.95 248.23 29.69 232.23 25.08 200.16 24.35 202.27 27.55 5.29 150.28
Human CL 46.91 2.837 20.31 3.627 2.66 0.58 4.15 0.85 6.84 151 0.04 1.02
Non-human CL 46.89 2.66" 0.01 0.00 -3.86 -0.84 -12.24 -2.39 -3.21 -0.70 -0.00 -0.01
First pass
(intercept) 235.35 10.18 263.83 2351 305.77 20.71 204.49 22.294 218,51 23.80 5.38 127.94
Human CL 27.38 1.28 20.37 3.15" 16.47 1.88 7.35 1.39 14.34 2.32 0.05 0.94
Non-human CL 38.46 1.69 554 0.85 -7.99 -091 -14.17 -2.545 -11.86 -1.898 -0.01 -0.19
Regression path
(intercept) 5.33 7244 297.03 20.42 503.02 16.24 286.61 11.22 521.42 20.95 5.88 88.45
Human CL 0.13 2.19 17.93 2.13 33.81 2.04 66.30 3.507 86.64 4317 0.08 1.04
Non-human CL 0.15 241 14.20 1.68 6.29 0.38 -39.38 -2.07 -58.27 -2.84" -0.01 -0.07
Total reading
(intercept) 55.16 3.97 208.65 9.47 605.96 13.98 182.94 10.385 353.34 13.80 357.76 7.93
Human CL 2542 2.727 54.07 4817 117.61 3.817 46.59 3.969™ 58.67 2.39° 61.82 1.06
Non-human CL 7.30 0.78 3.00 0.26 -62.03 -2.00 -4862  -4.1397 -81.35 -3.317 -29.59 -0.51
Regression in
(intercept) 0.86 2251 0.00 42.57 0.80 26.85 0.51 13.75 0.37 9.33 0.24 7.07
Human CL 0.06 1.40 0.00 0.30 0.06 2.25 -0.04 -1.09 -0.01 -0.12 0.02 0.46
Non-human CL 0.05 1.05 0.00 0.84 -0.02 -0.73 -0.03 -0.92 -0.01 -0.49 -0.03 -0.95
Regression out
(intercept) - - 0.01 2.03 0.12 7.62 0.14 7.94 0.17 9.87 0.14 5.93
Human CL - - 0.00 0.03 -0.01 -0.74 0.01 0.66 0.01 0.32 0.01 0.26
Non-human CL - - 0.00 0.47 0.01 1.16 -0.01 -0.66 -0.02 -1.72 0.01 0.42

* p<0.05; ** p<0.01; #++ p<0.001

Table 3. Summary of model estimates and t-values for six eye movement measures.
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Discussion

The main findings of this eye-tracking study were first, the reading facilitation at the
critical region, the relativizer and head noun, in non-human classifier condition
compared with the other two conditions; and second, the reading disruption at the
relativizer and the head noun in human classifier region compared with the general
classifier region. These effects show that when with a human classifier or the general
classifier, the parser initially anticipated a subject-gapped relative clause and expected
a noun phrase to show up as the object of the relative clause instead of a relativizer.
At the relativizer region, we saw an immediate (in early measures like first fixation and
first pass reading) and sustain (in later measures like regression path duration and
total dwell time) facilitation in the non-human classifier condition, suggesting that a
non-human classifier can effectively guide the parser away from the preferred subject-
gapped relative clause structure. These reading facilitation effects continued on the
head noun region in all reading time measures. While no significant difference showed
up between the human classifier and general classifier in early measures, suggesting
that in both the human classifier condition and general classifier condition, the parser
was led to a subject-gapped garden path, suggesting a general preference for a
subject-gap in “CL+verb” combination. Then reading disruption showed up in the
human classifier condition in regression path duration and total reading time,
suggesting that it was more difficult for the parser to recover from a garden path led by
a human classifier than a general classifier. These effects continued to emerge at the

head noun region.
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These results in general confirm the predictions of this study that the parser was
sensitive to the semantic information of different types of classifiers and the cues
provided by the classifier were used by the parser to build relative clause structure in
advance of encountering a relativizer and head noun. To be more specific, a non-
human classifier can guide the parser away from a subject-gapped relative clause.
Both general and human classifiers lead the parser to predict a subject gap and cause
the initial analysis to end up in a garden path, with a human classifier creating more
difficulty in garden path recovery. However, one possible confound is that the head
nouns across the three experimental conditions were not controlled as the same nouns.
We matched the visual complexity and the word frequency of the head nouns for
different conditions to minimalize the confound effect caused by different head nouns,
but the animacy of the head nouns and the parafoveal processing might potentially

play a role in affecting the effect we found on the relativizer.

Experiment 3: self-paced reading

The aim of this experiment is to replicate the findings in the eye-tracking study with
better-controlled material. Since it is impossible to keep the head nouns for human
classifiers and non-human classifiers the same, we separately compared human
classifiers and non-human classifiers with the general classifier in a two-part

experiment.
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Experiment 3a: non-human vs. general classifier

Participants

43 native Mandarin speakers were recruited online for the first part of this

experiment. They were all given informed consent. The average time for this

experiment was around 30 minutes and participants received Chinese currency

equivalent to £5 as compensation for their time.

Material

The material consisted of 30 experimental items and 60 filler items. We used the

same sentence construction (object-gapped relative clause with null subject) as in

experiment 2, and the classifiers were either a non-human classifier or the general

classifier, with the head nouns kept the same. An example set of experimental items is

given in (11a-b)

(11) Non-human vs. general classifier example items:

a. Non-human classifier condition:
’o%x A B K r OE B £ Hy * o
Na tiao hulue de xiansuo shi po an de guan jian
That CL ignore REL clue is solve case POSS. key

The clue that (someone) ignored is the key to solve the case.

b. General classifier condition:
7S < SR - S < S B R
Na ge hulue de xiansuo shi po an de guan jian
That CL ignore REL clue is solve case POSS. key

The clue that (someone) ignored is the key to solve the case.
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Procedure

The self-paced reading task was built up on the online experiment platform
IbexFarm. The experiment began with an instruction and a practice session with 4 filler
trials. The experimental trials and filler trials were combined in a pseudo-random order
to make sure that no two experimental trials appeared next to each other. Only one
word at a time was presented on the screen. Participants pressed the spacebar to see
each word in the sentence and the time between each keyboard pressing was
recorded.
Data analysis and Results

Reading time for each word-by-word region was examined. The critical region was
region 4 (the relativizer) and the following region 5 (the head noun) in which continuous
effects might be observed. The critical regions suggested a reading time difference in
whether a gap was anticipated or not. Statistical analyses were carried out on reading
time across all regions using linear mixed-effect models (Baayen et al., 2008).

Longer reading times at the verb region were found in non-human classifier
condition (Est=30.37 ms, t=2.892, p<0.01). But in the critical regions, shorter reading
time showed up in non-human classifier condition in both the relatizier region (Est=-
36.93 ms, t=-3.916, p<0.001) and head noun region (Est=-47.27 ms, t=-4.941,

p<0.001). No significant effects in the spill-over region and the rest regions.
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Experiment 3b: human vs. general classifier

Participants

40 native Mandarin speakers were recruited online for the second part of this

experiment. All procedures were the same as described in Experiment 3a.

Material

All procedures were the same as described in Experiment 3a. The classifiers were

either a human classifier or the general classifier, with the head nouns kept the same.

An example set of experimental items is given in (12a-b)

(12) Human vs. general classifier example items:

a. Non-human classifier condition:

& A B AEAN B B

M

4]

Na ming hulue de zhengren shi po an de

That CL ignore REL passerby is solve case POSS.

The passerby that (someone) ignored is the key to solve the case.

b. General classifier condition:
oA Z i A 2 W

Na ge hulue de zhengren shi po an de

M

4]

That CL ignore REL passerby is solve case POSS.

The passerby that (someone) ignored is the key to solve the case.

Procedure

All procedures were the same as described in Experiment 3a.

X B
guan jian

key

x B
guan jian

key
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Results

Longer reading time at the verb was found in the human classifier condition
(Est=35.08 ms, t=2.898, p<0.01) Greater reading time differences continue at the
critical region relativizer (Est=24.71 ms, t=2.413, p<0.05) and head noun (Est=37.16
ms, t=2.75, p<0.01). No significant effects in the spill-over region and the rest regions.
Discussion

We extended the results we found in the eye-tracking study with an improved split
design that keeps the head nouns the same across different conditions. Greater
reading time at critical regions (relativizer and head nouns) in human classifier
condition compared with general classifier suggests a gap is not posited during
processing thus an actual object is expected. Reading facilitations in the critical regions
in non-human classifier condition indicates that the parser is guided away from the
garden-path of a subject-gapped structure and a gap at the object position is expected
or easier to adapt to. Reading time differences at the verb were unexpected. Unlike
being distributed in the human classifier condition and being facilitated in the non-
human classifier condition, both human and non-human classifiers were showing
longer reading time at the verb region. One possible reason is that, compared with a
general classifier which does not contain particular semantic information, human
classifiers and non-human classifiers might create a larger mismatch effect when
encountering the verb. The fact that the reading time dropped at the relativizer region
even with longer reading at the verb in the non-human classifier region and reading

time differences increased at relativizer and head noun regions in the human classifier
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region suggested that the effects at the critical region were not merely a spill-over of

the mismatch effect but the results of having different structural expectations.
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4. General Discussion

In the present study, an offline sentence completion task, an eye-tracking while
reading experiment, and a self-paced reading experiment were conducted to
investigate the role of animacy features of classifiers in predicting gap sites in Chinese
head-final relative clauses. The sentence completion task revealed that the animacy
of classifiers influenced the type of RCs produced. Inanimate classifiers led to the
production of object-gapped RCs with null subject though it is generally dispreferred.
Animate (human) and general classifiers both elicited predominantly more subject-
gapped RCs, aligning with the general subject-gap preference when the classifier is
in the pre-RC position. These findings suggest that classifier animacy cues can
successfully elicit the production of different RCs in off-line tasks. The real-time
experiment results, including an eye-tracking experiment and a self-paced reading
experiment, are consistent with the off-line sentence completion tasks, confirming
that classifier animacy influences gap site predictions during real-time language
processing. Animate (human) classifiers reinforced subject-gap predictions, causing
disruptions when processing the relativizer which followed immediately after a
transitive verb. While inanimate classifiers guided the parser away from the subject-
gap prediction and facilitated the reading of object-gapped RC structure, thus
relieving the processing cost at the relativizer. The comparisons were also made with
a general classifier which lacks specific animacy features and can be used to modify
any type of nouns. Both disruption effects with animate classifiers and facilitation

effects with inanimate classifiers were found on the relativizer and the head noun in
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the self-paced reading experiment with more controlled sentence materials,
solidifying that animacy features drive predictive structure-building for gap sites in
head-final RC processing.

This study extended the active gap filling framework to incorporate head-final RC
constructions. Previous works on active gap filling (e.g, Crain & Fodor, 1985; Frazier
& Clifton, 1989; Stowe, 1986; Traxler & Pickering, 1996; Omaki et al., 2015) are
primarily based on the observation in head-initial constructions, where a filler NP
provides decisive information for initiating the parser’s gap search. However, the
availability of filler NP for initializing active gap search should not be taken for granted.
In Chinese head-final RC constructions, only a partial filler, in this study, a fronted
classifier, can serve as a cue for the upcoming RC and the plausible thematic role for
the gap. Given the limited information that classifiers can provide compared with full
filler NPs, it gives rise to much more uncertainty in predicting upcoming linguistic
materials. Despite this, our results demonstrate that the parser is still willing to commit
to a rather detailed RC structure interpretation based on the animacy of classifiers,
even when this risky commitment may lead to reanalysis.

A novel contribution of this study is the isolation of animacy feature cues from
lexical cues, suggesting that active gap filling can be triggered by features, rather than
being entirely filler-driven. The animacy effects in modulating the RC type expectations
have been verified in previous studies in head-initial RC constructions (e.g., Mak et al.,
2006; Traxler, Williams, Blozis & Morris, 2005). But in these studies, the animacy

features are entailed in specific lexical items and they manipulate the animacy feature
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by manipulating the filler NPs. Chinese classifiers, by contrast, are less constraining
and do not pre-activate specific nouns. Instead, they encode semantic properties (in
this study, the animacy feature) of the head nouns without fully specifying them. The
results that the parser is sensitive to the classifier animacy feature without access to a
specific filler NP provide clearer evidence that a less-constraining semantic feature
that is disassociated with specific nouns can also trigger active gap search.

These results challenge theories suggesting that RC structure prediction is solely
guided by working memory constraints or general gap frequency preferences, which
favor shorter dependency lengths (e.g., subject gaps > object gaps > oblique gaps;
Gibson, 1998, 2000). Instead, the parser uses cues like animacy to guide predictive
structure building and expecting gaps that are consistent with the classifier animacy. It
aligns with an expectation-based account (Levy, 2008; Hale, 2001) in which the parser
uses cues like animacy incrementally to make predictions for upcoming structures. The
structural differences in these studies are related to the thematic interpretation of the
expected gap. Inanimate classifiers in particular are more likely to predict object gaps
compared to subject gaps because objects are typically interpreted as Themes, which
can be inanimate, while subjects are typically interpreted as Agents, which normally
require an animate referent. Signaling an inanimate referent, even without the head
noun occurring, is enough to guide the parser away from a subject gap which would
receive an Agent interpretation. Animate classifiers, however, are more likely to be
related to subject gaps because subjects are typically interpreted to be Agents.

One more thing to note is that the findings in this study cannot speak for the
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general preference for subject RC in Mandarin Chinese. A long-standing observation
in the field of language processing is the subject RC preference over object RC (Frazier,
1987; Kimball, 1973; Gibson, 1998). It has been established in many languages.
However, the RC preference pattern in Mandarin Chinese has been less clear with
mixed results from different studies. Lin and Bever (2006) suggest subject RC
preference in Chinese, consistent with the findings in other languages because subject
RCs have a shorter distance between the gap and the filler. In contrast, other studies
report a processing advantage for object RC in Chinese. Hsiao and Gibson (2003)
found that object RCs are processed faster especially when the filler is animate.
Several studies suggest that RC preferences in Chinese depend on contextual cues
or experimental factors. Vasishth et al. (2013) argue that cross-linguistic processing
strategies and task design can significantly affect the observed preferences. More
relevant to this study, a corpus-based examination conducted by Wu and colleagues
(2011) suggested that, when classifiers appear in pre-RC positions, subject RCs
appear more frequently. However, the situation is reversed when classifiers occur in
post-RC positions and the distribution for object-gapped RC increases. Given the fact
that the focus of this study is to use the pre-RC classifiers to elicit structural predictions,
our experimental materials are all with pre-RC classifiers and thus naturally biased for
subject-gapped relative clauses. It is also reflected in the production results in the
general classifier condition that more subject-gapped RCs are produced than object-
gapped RCs. Thus our results cannot indicate any general processing preference for

RCs.

49



5. Conclusion

This study investigated the role of classifiers for structure building in head-final RCs
in Mandarin Chinese. We have argued that the internal structure building of RCs could
happen before approaching the relativizer and the head nouns when a dislocated
classifier provides semantic information about the head nouns. We used an object-
gapped RC construction with a null subject and manipulated the types of classifiers to
examine the effects of classifiers on RC structure building. The results showed that the
parser was sensitive to different types of classifiers. Non-human classifiers can
effectively guide the parser away from a subject-gapped RC structure while human
classifiers led the parser to initially adopt a subject-gapped structure. These results
suggested that the parser was strongly predictive even with less constraining semantic

feature cues.
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Abstract’

Research has found that the parser respects strong island constraints when actively
positing gaps for displaced phrases, reflecting the parser’s rapid use of syntactic
constraints to avoid positing tempting but illicit dependencies in real-time. Long-distance
dependencies, however, are also governed by semantic/pragmatic constraints. Negative
islands, a type of weak island, selectively constrain certain wh-dependencies that violate
Dayal’s (1996) maximal informativity presupposition on questions, i.e., that the answer
set contains a true answer entailing all the other true ones (Fox & Hackl, 2007; Abrusan,
2011). Whether the parser can use a presuppositional constraint like negative islands in
real-time to avoid positing these types of illicit dependencies is unclear. An offline
acceptability task, a self-paced reading, and an eye-tracking study were conducted to
examine whether weak negative islands are as effective as strong wh-islands at blocking
illicit gaps. Our results suggest that although comprehenders are aware of negative
island constraints offline, the parser is unable to use them to block real-time active
dependency formation. This asymmetry suggests that the effects of weak
(semantic/pragmatic) islands take time to emerge, unlike strong (syntactic) islands which
are more immediate.
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Introduction

Whether the mechanisms of language processing respect grammatical constraints
has been a long-standing issue in developing a comprehensive theory of linguistic
performance. Offline acceptability judgments have been the main empirical measure for
linguists in the development of theories of linguistic competence, while psycholinguists
have focused on online (real-time) effects that track the dynamic processes of language
processing. The gap between evidence from online and offline observations raises
questions concerning the grammar-parser relation: to what extent does our grammatical

knowledge guide real-time sentence processing mechanisms?

A classic view of the grammar-parser distinction found in Bever (1970) states that
grammatical rules function as a backup system applied after heuristic parsing has
provided an initial analysis. This dual-analyzer account is encapsulated in the slogan “we
understand everything twice” (Townsend & Bever 2001), which claims that sentences
are first processed by a “quick and dirty” parser, and then grammatical rules are applied
to the interpretation of sentences when needed. The heuristic nature of the parser has
been demonstrated in many studies in terms of issues concerning ambiguity resolution,
where the parser seems to not entertain certain possible analyses (e.g., Grant et al.,
2020; Swets et al., 2008; Traxler et al., 2009), and grammatical illusions like agreement
attractions, illusory NPI licensing, comparative illusions, etc., where the parser appears
to adopt an ungrammatical analysis (e.g., Bock and Miller 1991; Clifton et al. 1999;

Pearimutter et al. 1999). Sentence processing theories and models, such as “good-



enough” theories (Ferreira, Bailey & Ferraro 2002; Ferreira & Patson 2007; Karimi &
Ferreira 2016) have shown that the initial analysis conducted by the heuristic parser
disregards grammatical rules when processing such complex or ambiguous
constructions and thus only incomplete understandings of grammatical structures are
achieved. Dual-analyzer accounts are also empirically supported by the misalignments
between results of offline judgments and online data found in cases involving
“‘grammatical illusions”, where comprehenders demonstrate sensitivity to ungrammatical
sentences in offline data while failing to detect such grammatical errors in online
sentence comprehension, such as garden path phenomenon and revision failures (e.g.,
Bever, 1970; Sturt, 2007), center embeddings and processing overload (e.g., Frazier
1985; Gimenes et al. 2009; Trotzke et al, 2014), and agreement illusions (e.g., Bock and

Miller 1991; Clifton et al. 1999; Pearimutter et al. 1999).

On the other hand, a tighter conception of the grammar-parser relationship has also
been widely considered (Phillips, 1996; 2012; Lewis and Phillips, 2015). Under the view
of a single-analyzer, the notion of “parser” and “grammar” describe the same language
system from different perspectives: grammar represents an idealized model of real-time
language comprehension with unlimited cognitive resources (Phillips, 1996). Apparent
differences between the grammar and parser arise from constraints related to limits on
attentional resources and a noisy memory architecture. There is substantial evidence
indicating that real-time processing can be grammatically precise during sentence

processing, for example, the parser’s sensitivity to island constraints (e.g., Stowe 1986;



Phillips 2006; Traxler and Pickering 1996; Wagers et al. 2009; Yoshida et al. 2004,
Omaki and Schulz 2011); successful avoidance of ungrammatical backward anaphora
(Cowart and Cairns 1987; Kazanina et al. 2007; Aoshima et al. 2009) and parser’s ability
to ignore fllicit antecedents for the interpretations of reflexive pronouns (e.g., Nicol and
Swinney 1989; Dillon et al. 2013; Sturt 2003; Badecker and Straub 2002; Clackson et al.

2011; Xiang et al. 2009).

The current study aims to address the issue of grammar-parser distinction by
examining the real-time status of negative island constraints on language processing.
Island constraints have been found to grammatically constrain unbounded linguistic
dependencies (Ross, 1967). The effects of island constraints have been successfully
tracked by both offline and online measures (e.g., Stowe, 1986; Frazier, 1987; see
detailed description in the later section), indicating a unified relation between real-time
parser and grammar knowledge. For example, the filled-gap effect (Stowe, 1986) has
been used as a typical observation in real-time measures for dependency formation and
the effect of island constraints. It demonstrates that the parser actively posits gaps for
wh-phrases in grammatical positions and filled-gap effects emerged when gaps are
grammatically licensed but not when they are grammatically inaccessible, e.g., inside a
Complex NP Island. It reflects the parser’s rapid use of syntactic grammatical constraints
to avoid positing illicit dependencies in real-time. However, the vast majority of studies
focusing on a parser’s grammatical sensitivity tested strong island constraints. Negative

islands, unlike strong syntactic islands, are a type of weak island that arises from



semantic/pragmatic considerations. It has been proposed that wh-dependencies in
degree questions that move across negation often violate Dayal’s (1996) maximal
informativity presupposition on questions, i.e., that the answer set contains a true answer
entailing all the other true ones (Fox & Hackl, 2006; Abrusan, 2011). It is illustrated by

the acceptability differences between (1a) and (1b).

(1) a. How tall is John?

b. * How tall isn’t John?

Negative degree questions such as (1b) are judged to be unacceptable because the
presupposition of a maximally informative answer requires a minimal height interval that
does not contain John’s actual height. However, such an interval does not exist because
the true answer set contains two mutually exclusive subsets that do not entail one
another, i.e., all intervals below John’s height, (0, height,.,), and all intervals above
John’s height, (height,..,, ©). Compared to syntactic islands, the calculation required to
implement this negative island constraint may be more complex than those required to
recognize strong syntactic islands. It may take the parser more resources and time to
use such a violation to block dependency formations. Thus, negative islands provide a
testing ground to examine whether this presuppositional grammatical constraint can also
be utilized by a parser in real-time sentence processing. Evidence about the processing

of negative islands could potentially help us to gain a better understanding of grammar-



parser relations by establishing whether the parser considered such constraints on
grammatical well-formedness. To our best knowledge, the real-time status of negative
island processing is currently unknown. It is important to understand how a negative
island is recognized in real-time sentence comprehension and how different it is from
other syntactic island processing. Furthermore, it might shed light on whether the parser
can demonstrate greater capacity to handle more complex and subtle grammar
constraints. In this study, we examined whether negative islands are as effective as

syntactic islands at blocking illicit gaps in real time.

In the following part of the introduction, we first overview prior works on the real-time
processing of island constraints in general, and then we specifically introduce studies
that have been done about negative island constraints. In the next section, we present
our experiment design to investigate the real-time processing status of negative island
and show our analysis and results. Then discussion and conclusion are given in the final

section.

Real-time processing of island constraints

Island constraints are one of the most well-studied grammatical constraints in
psycholinguistics. They place limits on the grammaticality of unbounded dependency
formation. For example, the formation of a dependency relation caused by WH-
movement is unbound in (2a), however the completion of such a dependency is restricted

when the canonical gap for the wh-word is located in a relative clause as in (8b). When



the proposed gap is located inside an island domain, a dependency relation that goes

across the island boundary is prohibited.

(2) a. Who; did you hope that the candidate said that he admired __;?

b. *Who; did the candidate read a book that praised __;?

Many studies have proposed that such islands have a syntactic nature. Ross (1967)
proposed several independent grammatical constraints on dependencies, separately
mapping to different types of islands: e.g. Complex-Noun Phrase Constraints,
Coordinate Structure Constraints, Left Branch Condition, and Sentential Subject
Constraints. Chomsky (1973) merged these constraints and proposed the Principle of
Subjacency, which prohibits dependency relations over two or more bounding nodes.
Later Huang (1982) proposed the Condition on Extraction Domains, which states that
dependency relations cannot be established from non-complements, i.e., subjects and
adjuncts. Huang’'s proposal was incorporated into the later version of the barriers

approach in the principles-and-parameters framework (Chomsky, 1986).

This grammatical knowledge is also reflected in the real-time processing of filler-gap
dependencies. Psycholinguists have established an active gap filling mechanism for the
parser when processing filler-gap dependencies (Fodor, 1978; Crain and Fodor, 1985;

Stowe, 1986; Frazier, 1987), which means that instead of waiting for unambiguous



bottom-up identification of a gap that completes a dependency, the parser actively posits
a gap site at the early as possible, potentially to ease the working memory burden of
carrying an unintegrated filler. This proposal is supported by the observation of filled-gap
effects (Stowe, 1986). Such an effect shows up when the parser predicts a gap site in
advance but then finds the postulated grammatical gap is taken up by a linguistic element,
requiring it to reanalyze the dependency. Longer reading time at the filled element is
considered to reflect processing penalties for incorrect expectations. Stowe (1986) found
inflated reading times at “us” in (3a), where the filler “who” triggers an active expectation
of a gap at the grammatical position taken up by “us”, relative to “us” in (3b), where no

dependency relation is expected to be completed.

(3) a. My brother wanted to know who Ruth will bring us home to at Christmas.

b. My brother wanted to know if Ruth will bring us home to mom at Christmas.

Relevant to the relationship between grammar and parser is the observation that
island constraints modulate the filled-gap effect during sentence processing. No filled-
gap effect is observed inside of an island domain, suggesting that the parser is aware of
the fact that extraction out of an island is not grammatically permitted. For example, in
Stowe’s study, no filled-gap effect was found at the noun phrase “Greg’s older brother”
in (4a) as the NP “Greg's”, as part of a complex subject NP, compared with (4b) where
no dependency is expected at all. This finding suggests that although the parser actively

predicts gaps due to extraction, it is also sensitive to the grammatical information that no



such gap can occur inside this island domain. Therefore, the presence and absence of
filled-gap effect paradigms have been commonly used as a real-time processing
indicator in studies involving long-distance dependencies and island constraints (e.g.,
Frazier and Clifton, 1989; Pickering, Barton, and Shillcock 1994; Fujita and Cunnings,

2020).

(4) a. The teacher asked what the team laughed about Greg'’s older brother fumbling.

b. The teacher asked what the silly story about Greg’s older brother was supposed

to mean.

Similar results also come from other studies making use of mismatch plausibility
effects. For example, an eye-tracking while reading study by Traxler and Pickering (1996),
manipulated the plausibility between a displaced filler such as “the book” or “the city” and
a verb complement, as in “they talked about the book/city that the author wrote __...”,
and found longer reading time at the verb when the filler was a semantically implausible
object for the verb (city-wrote) compared with when the filler was a semantically plausible
object (book-wrote), which is consistent with the active gap filling strategy. More crucially,
no plausibility mismatch effect was found on the verb “wrote” was embedded in a wh-
island, as in “the book/city that the author who wrote __...” Here, the potential gap is not
grammatical licensed for the filler-gap dependency due to wh-island constraints. The fact

that the filler-gap dependency formation is sensitive to island constraints suggests a

rapid use of grammatical cues and knowledge in filler-gap dependency formation.
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These island effects as mentioned above provide syntactic environments where
extraction is categorically forbidden, and they are referred to as strong islands. Violations
of strong island constraints result in clear ungrammaticality. In contrast, weak islands are
environments that restrict extraction but are not absolute constraints that block all
extractions as strong islands do. Weak islands tend to impose selective constraints,
depending on specific properties of the extracted element, normally with additional
semantic requirements, such as why, how, or degree/quantity expressions. The reason
for the selectivity is that weak island constraints often arise from contextual or
semantic/pragmatic considerations that involve the validation with real-world knowledge
beyond literal inputs. For example, certain environments, particularly those that involve
presuppositional or factive verbs (e.g., regret, realize), create weak island effects. For
example, (5a) is generally judged as unacceptable because the extraction is not specific
or definite. In the case of a more specific extraction like (5b), it becomes more acceptable.
The extraction of “how” is more problematic compared to the extraction of “what”,
indicating that presuppositional islands are sensitive to the specificity or definiteness of
the extracted element. Negative islands are another type of weak island which arises
when negation in the sentence creates difficulties for certain types of extraction,
especially for quantificational elements or adjuncts. For example, (5¢) compares to (5d),
the extraction of degree questions (e.g., how many people) is blocked in the presence
of negation, while the extraction of individual arguments (e.g., who) is allowed. This

indicates that a weak island created by negation affects only specific types of

11



dependencies, particularly those involving manners and degrees.

(5) a.* How do you regret that you didn’t buy __ ?
b. What do you regret that you didn’t buy __ ?
c. * How many people didn’t John invite __ ?”

d. Who didn’'t John invite __?”

The fact that weak islands, no matter which type, only provide selective constraint,
may suggest that mechanisms for the weak island constraint are different from strong
islands. In fact, it has been a great challenge for any account that proposed that weak
island constraint, such as a factive island in (5a), or negative island in (5b), is caused by
some syntactic operation violation as proposed for strong islands (e.g., Relativized
Minimality by Rizzi, 1990). Moreover, despite various semantic explanations proposed
for weak islands, there is currently no coherent account that can comprehensively
explain all types of weak island phenomena. Szabolcsi and Zwarts (1993) developed a
unified, algebraic-semantic-based approach to explain the weak island intervention
effects. Their account hinges on the idea that certain operators, such as negation or
quantifiers, alter the semantic environment that disrupts the establishment of a
dependency relation to form across them. They argue for the critical role that semantic
factors can play in shaping whether or not long-distance extraction is viable. However,

this account does not touch upon all types of weak islands like factive islands. Special

12



attention for weak islands has been on the negative islands caused by degree or
manners questions. For example, Fox and Hackl (2007) proposed a semantic account
for negative degree islands constraint that when degree operators are involved, the wh-
dependencies require a semantically coherent mapping from the filler to the gap. When
negation comes into play, it creates a configuration in which the degree operator cannot
be interpreted properly, yielding a negative island effect. However, it remains unclear
whether these accounts can be extended to all weak island constraints. Rullmann (1995)
explicitly expressed skepticism that a unified account for different types of weak islands
is possible.

Consequently, weak islands exhibit more subtle effects in real-time processing
compared with strong island constraints introduced earlier. In Kluender and Kutas (1993),
they show unbounded dependencies elicit distinct ERP signatures (particularly a P600)
when disrupted. Their results also revealed that these weak island violations trigger
measurable neural responses indicative of syntactic difficulty. Although weak island
effects were somewhat less pronounced than those observed for strong island violations
(e.g., relative clauses, complex NPs), the ERP profile still showed that the parser was
sensitive to the presence of the embedded wh-phrase. The amplitude and scalp
distribution of the P600 suggested that, even in “weaker” contexts, the parser recognized
these as illicit extraction sites. A more recent study by Villata et al. (2020), employing
acceptability judgment tasks and maze-based self-paced reading, provides evidence

that weak islands may influence active dependency formation in ways comparable to
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strong islands. Their investigation examined a range of different island types including
both weak islands (e.g., whether-islands) and strong islands (e.g., adjunct islands and
complex NP islands). Furthermore, eye-tracking experiments conducted by Cokal and
Sturt (2022) show that one type of weak island — the whether island exhibits a similar
blocking effect for the filled-gap effect typically observed in strong islands, compared with
non-island condition, suggesting that the parser has real-time sensitivity for both strong
and weak islands. However, given the diversified nature of different types of weak islands,
results for one type of weak island do not speak for the weak island as one unified
category. Different types of weak islands might be originated from different levels of
grammatical considerations. Whether-islands are still considered to be syntactic in
nature with clear syntactic configurational boundaries, while on the other hand, negative
island, another type of weak islands, arises from semantic/pragmatic considerations. The
negative island caused by degree questions or manner questions is generally considered
to be a pragmatic island constraint caused by presupposition violation. Thus It is
important to understand how a negative island is recognized in real-time sentence
comprehension and how different it is from other syntactic island constraints. By
comparing the real-time status of the negative island with a strong WH-island, we aim to
investigate how syntactic cues and presuppositional cues differ in blocking the filler-gap
dependency formation, rather than simply contrasting strong islands and weak islands

are two distinctive categories.
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Negative island constraints

The term negative island (Ross, 1984) has been used to refer to the unacceptability
of constructions when attempting to form a wh-dependency across negation. In contrast
with strong islands, where all types of extraction are not allowed, negative islands are a
type of weak island that only selectively rejects extraction in certain constructions. As
shown in (6a-d), extracting a which-question over negation (6b) is generally judged
acceptable, but extracting a degree question over negation (6d) is generally

unacceptable.

(6) a. Which man did John invite to the party?
b. Which man didn’t John invite to the party?
c. How many children did the dog scare?

d. * How many children didn’t the dog scare?

However, this negative island violation can be obviated by introducing context, adding
extra modal verbs or attitude verbs. For example, if comprehenders are introduced to a
situation that there are 12 children relevant in the context, then (6d) would become more
acceptable. Also as noted by Fox and Hackl (2007), negative island violation can be
significantly obviated by introducing an existential modal within the scope of the negation.

See (7a-b) as an example:
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(7) a.* How many children don’t you have?

b. How many children are you not allowed to have?

Various accounts have been provided for negative islands, invoking different levels
of representations. A syntactic account has been proposed to explain negative islands
by introducing negation as a potential antecedent governor that governs wh-movement
(Rizzi, 1990). Rizzi’s syntactic account divides the wh-movement types into referential
and non-referential expressions. A wh-expression assigned with a referential theta role
can be extracted while a wh-expression without a referential theta role, e.g., degree,
manner and measure expressions, cannot undergo extraction. Thus, negation as a
potential antecedent governor rejects extraction of a non-referential wh-phrase but
permits referential wh-extraction. However, such a purely syntactic account cannot
explain the obviation effects observed in (6) and (7), that a syntactic violation can be
ameliorated just by manipulating the context or extra-structural elements. An alternative
to the syntactic approach adopts a semantic/pragmatic analysis (Kluender and
Gieselman 2013; Rizzi 2003, 2004). Szabolcsi and Zwarts (1993) suggest that the
semantic properties of wh-expressions determine whether they can be legitimately
extracted. Which-phrases, for example, demonstrate the characteristic of being an
unordered element in a set of discrete individuals, while other wh-phrases, like manner
and degree expressions, denote a domain that is not individuated. They propose that

negation permits extractions to happen with discrete individuals but rejects extractions
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with unindividuated phrases. Apart from focusing on the properties of wh-expressions, a
semantic/pragmatic approach to negative island constraints pays attention to the
pragmatic principles of questions. Questions are subject to a presupposition of maximal
informativity (Dayal, 1996), which states that all questions require one unique answer
that is maximally informative, i.e., the answer set to a question must contain one true
answer that entails all the other true answers (Fox & Hackl, 2006; Abrusan, 2011). For
example, (8a) meets this presupposition in the way that there is a definite number of
John’s height, thus a most informative answer can be provided for this question. Degree
questions like (8d) violate this presupposition. Because of the density of height, the true
answer sets to this question are open intervals, resulting in infinite true answers (say
John is 178cm high, then 179cm, 180cm, 185cm, 200cm... are all true answers) but not
one maximal true answer that entails all the other true answers. Comprehenders with
world knowledge understand that it is impossible to find the maximal informative answer

to this question, thus it is judged to be unacceptable to form such a wh-extraction.

(8) a. How tall is John?

b. * How tall isn’t John?

The presuppositional constraint accounts can also explain why modal verbs are able to
rescue a negative degree question, which cannot be explained based on the accounts

focusing on the properties of wh-expressions. Model verbs alleviate the presupposition

17



requiring a uniquely and maximally informative answer by shifting the interpretation of
the degree question to a possibility space, allowing for a broader range of acceptable

answers. as shown in the example (9a) and (9b).

(9) a. * How slow didn’t he drive?

b. * How slow shouldn’t he be driving?

So far, the exploration of the negative islands has mostly been on providing accounts
for its nature in the theoretical linguistics field with evidence from off-line grammatical
judgment. However, work on the real-time status of negative island constraint is still
waiting to be filled. The comparison between a presuppositional island and a syntactic
island in terms of real-time processing sensitivity has, to my best knowledge, not been
investigated. Thus it still remains unclear whether a negative island constraint can be
rapidly utilized by a real-time parser in sentence processing, or it is temporally ignored
by the parser and is revised in the later stage. By addressing this issue, we can gain a
better understanding of how the parser recognizes the properties that define an island
domain, and also the observation can further contribute to the discussion of the
relationship between static grammar knowledge and dynamic mental parsing

mechanism.
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This study

The purpose of this study is to detect the time course of negative island constraint
in real-time sentence processing. One offline acceptability judgment experiment and two
real-time experiments, including one self-paced reading study and one eye-tracking
while reading study, were conducted to see if the reading pattern of negative islands is
more in line with strong wh-islands or shows more similarity with null island sentences.
Given the fact that our mental parser is highly incremental, we are able to observe some
temporary reading difficulties/facilitations which indicate the parser’s analysis
preferences. As reviewed in the earlier section, filled-gap effects have a long history of
being used to study real-time long-distance dependency formation. In this design, we
also target at the classic filled-gap effect that is typically observed in the comparison
between strong wh-island and no-island sentences, and add sentences (temporarily)
containing negative islands. See (10a-c) for example, for an incremental parser, a filled-
gap effect is expected to show up at “famous” in (10a) compared with (10b), because
there is no overt configurational mark indicating the occurrence of an embedded island
domain and the active gap filling strategy would prompt the parser to posit a gap at the
earliest possible position to host the wh-phrase “how tall”. Then a filled-gap effect would
show up as the postulated grammatical position is taken up by “famous”. While (10b)
provides an overt configurational boundary (“who was”) for a strong wh-island, due to
the parser’s sensitivity to strong island constraint, active gap filling is blocked, and no

such filled-gap effect will be observed at “famous” in (10b). Then we focus on whether a
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degree wh-filler in combination with a negation can be recognized as a cue to block the
active gap filling in (10c). If there is a filled-gap effect at “famous” in (10c), it might suggest
that seeing “how tall” and then a negation does not ring a bell for the parser to consider
that it violates a presupposition of question formation, i.e., the parser cannot make use
of negative island constraint in real-time. On the other hand, if there is no filled-gap effect
in (10c), it might suggest that the parser is aware that an extraction over negation is not
semantically plausible in this context, i.e., negative island might be as effective as a

strong wh-island.

(10)

a. How tall did Mary think the girl hoped to be famous...... (No-Island)
b. How tall did Mary think the girl who was hoped to be famous...... (Wh-Island)
c. How tall did Mary think the girl hoped not to be famous...... (Neg-Island)

Experiment 1: Offline acceptability judgment
We first conducted an offline acceptability judgment study, to examine the general
acceptability of different sentence structures and to what extent different types of island

constraints affect grammaticality judgment.
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Participants.

51 participants were recruited through an online participant recruiting platform
Prolific. All of them were claimed to be English native speakers. They were paid £2.75
for their participation.

Material

We manipulated POLARITY (Positive, Negative) and STRUCTURE (No, Reduced
relative clause, Unreduced relative clause), creating six conditions for experimental
items. An example set of experiment items is presented in (11a-f). We used adjectival
degree questions, e.g., “how tall’, to make sure that the presuppositions for our
experimental items are not contextually dependent as noted for example (6).
Experimental items were counterbalanced and evenly distributed into 6 lists using a Latin
square design, ensuring that participants rated through each condition but never saw
related lexicalizations within and across conditions. Besides experimental items, we also
adopted acceptability judgment materials from Sprouse (2011) which provide sentences
ranging from extremely ungrammatical to perfectly grammatical. These items were used
as the “anchoring” items to balance the grammaticality judgment range of this study. In
total 72 items (24 experimental items, and other anchoring items and filler items) in each
list were pseudo-randomized to make sure that items in the same condition never
appeared consecutively. Participants were randomly assigned a list and the total time to

finish rating a list is around 5 minutes.
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(11) Example item in Experiment 1 acceptability judgments

a. How tall did Mary think the girl hoped to be? (NoRC, Positive)
b. How tall did Mary think the girl hoped not to be? (NoRC, Negative)
c. How tall did Mary think the girl hoped to be to be famous by her

parents was? (RRC, Positive)
d. How tall did Mary think the girl hoped not to be to be famous by

her parents was? (RRC, Negative)
e. How tall did Mary think the girl who was hoped to be to be famous by

her parents was? (URC, Positive)
f.  How tall did Mary think the girl who was hoped not to be tobe (URC, Negative)

famous by her parents was?

Procedure

This study is presented as an online survey, so participants used a web browser
through in their own place and pace to complete the task. They were first given
instructions stating that they should indicate their acceptability of the sentence they read
by giving a number from 1 to 7, which 1 indicated that they considered the sentence as
very unacceptable and 7 indicated that the sentence was perfectly acceptable.
Results

We ran linear mixed effects models with items and participants introduced as
random factors, and polarity and sentence type were fixed factors. Then we obtained
pairwise comparison results by using the Emmeans package in R.

Overall there is a main effect of polarity (Est. = 0.34, t= 8.56). As for the effect of

structure, main effects were found on contrasts of no island structure v.s. Relative clause
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island structure (Est. = 0.74, t=13.37), and of reduced relative clause structure v.s.
unreduced relative clause structure (Est. = 0.32, t= 6.66). Besides, an interaction
between polarity and sentence structure is also significant when contrasting no island
structure with relative clause island structures (Est. = 0.38, t=6.87) but no interaction is
found in the contrast of reduced relative clause structure v.s. unreduced relative clause
structure (Est. = 0.02, t= 0.37). Table 1a and 1b present the model summary and further
pairwise comparisons result of the polarity effect within sentence structures, and Figure

1 shows the averaged ratings across all participants.

Est. t P
Polarity 0.34 8.56 <0.001
No RC vs RCs 0.74 13.37 <0.001
RRC vs URC 0.32 6.66 <0.001
Polarity:No RC vs RCs 0.38 6.87 <0.001
Polarity:RRC vs URC 0.02 0.37 0.71

Table 1: Model Summary for Experiment 1

Positive — Negative Est. t P

No RC 1.48 10.56 <.001
Reduced RC 0.27 1.94 .053
Unreduced RC 0.38 2.46 .014

Table 2: Effect of polarity within sentence structures for Experiment 1
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Figure 1. Acceptability judgment ratings

Discussion

To start with, the main effect of polarity demonstrates that participants in general
rated degree questions with negation lower than degree questions without negation,
suggesting that negation is in general dispreferred to co-occur with degree questions.
Then the effect of sentence structure shows that participants dispreferred complex
and/or temporarily ambiguous sentences. Sentences with embedded relative clauses
were rated lower than simple main clauses, and reduced relative clauses were even
lower than unreduced relative clauses. Reduced relative clauses might cause temporal
ambiguity and lead participants to a garden path of simple main clause structure.
Sentences were disambiguated later at the prepositional phrase region (“by her parents”
as in the example stimuli) or even at the main verb (“‘was”). The complexity of relative
clause structure and garden path phenomenon might affect the participants to give a

lower acceptability score. More relevant to this study, we found an interaction between
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polarity and sentence structure that participants gave much lower scores for negations
in the main clause than negations embedded in the relative clause. The much lower
ratings in negative main clauses compared with positive main clauses suggest that
participants realized the violation of maximal informativity and considered it
unacceptable. The narrowed difference in ratings in relative clauses suggests that
relative clause island effectively blocks the scope of negation and participants
understood that the negation did not affect the degree question in the main clause,
rescuing the acceptability of negation with relative clauses. More importantly, within the
relative clause structures, there is no interaction of polarity effect and reduced/unreduced
relative clauses, showing the effect of negation (reduced relative clause) is more in line
with the effect of wh-filler (unreduced relative clause). It might suggest that participants

were able to use negative island constraint as well as strong island constraints offline.

Experiment 2: Self-paced reading

The acceptability judgment results from Experiment 1 set up this self-paced reading
experiment to use online filled-gap effects to investigate whether the parser posits illicit
gaps inside negative islands compared to wh-islands.
Participants

66 self-reported native English speakers were recruited via an online platform
Prolific. Three participants were excluded from further data analysis due to poor
performance with an accuracy rate lower than 60%. All participants were paid £6.75 as

compensation for their time participating in this experiment.
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Material

We created 24 items manipulating ISLAND type?: no island, negative island and wh-
island (strong island) to examine whether the parser actively posits a (temporary) gap
inside islands. An example set of experiment items is presented in (12a-c). In addition,
48 filler items were used and combined with the experimental items. None of the filler
items contain filler-gap dependencies or negation but they were of comparable structural
complexity with anaphoric pronoun resolution problems and various syntactic

ambiguities.

(12) Example items in Experiment 2: self-paced reading

a. How tall did Mary think the girl hoped to be famous by her parents was

before she went to college? (No-Island)
b. How tall did Mary think the girl hoped not to be famous by her parents was

before she went to college? (Neg-Island)
c. How tall did Mary think the girl who was hoped to be famous by her parents was

before she went to college? (Wh-Island)

? Our initial design was a 2x2 factorial design manipulating Polarity (Negative vs. Positive) and Island
type (Present vs. Reduced). However, during piloting and initial data analysis, we found that the
combination of a negation and relative clause (e.g., How tall did Mary think the girl who was hoped
not to be famous by her parents was before she went to college?) resulted in sentences that were
syntactically and semantically more complex than the other conditions. Comprehenders in the pilot
study appeared to triage these sentences, treating them as anomalous and in practice dropping out
of normal, incremental language comprehension. This asymmetry made it difficult to construct
natural and comparable items across all cells of the 2x2 design.

To ensure experimental balance and interpretability, we therefore opted for a three-way factorial
design (No-island vs. WH-island vs. Neg-island). This approach preserved the central contrast, which
is to test whether sentential negation behaves as an island boundary, while avoiding potential
confounds introduced by unnatural or structurally unbalanced materials. We believe this adjustment
yields clearer results regarding the effect of negation on filler—gap dependency formation.
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Procedure

The experiment was built upon a web-based platform IbexFarm (Drummond, 2013).
Participants got access to this experiment via a link sent out by the recruitment platform
Prolific. Sentences in this experiment were presented in a word-by-word fashion. Only
one word was displayed on the screen at a time and participants pressed the spacebar
to proceed to the next word. Reaction times for pressing the spacebar to display the next
word were recorded to measure reading times for each word. Half of all sentences were
followed by a yes/no comprehensive question as attention checks to make sure

participants concentrate on this online task.

Upon entering the experiment surface, participants were presented with informed
consent and instructions about the experiment. They are told to read the words at a
natural pace and answer the comprehension questions as accurately as possible. After
participants agreed to proceed and read through the instructions, five test trials were
presented to make sure they understood the procedure. Then another action of pressing
the spacebar needs to be taken to start the experiment. The total time for completing a

study was roughly 10-15 minutes.

Results
Data were analyzed using linear mixed effect models in the Ime4 packages in R. As

mentioned earlier in the participant section, Data from three participants were excluded
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due to poor accuracy rate to comprehension questions (lower than 60%). Reading times
that fell outside 2 standard deviations for the overall mean reading time for each word
were also excluded from further analysis. The critical word where the filled-gap effect
should emerge is the adjective embedded in the relative clause (“famous” as in the
example stimuli). The prepositional phrase following the adjective (“by her parents”) is
also controlled as spillover regions. “By” is the spillover region 1 and “her” is the spillover
region 2. We made comparisons between the no-island condition and wh-island
condition, to observe the classic filled-gap effect with strong island constraint, and also
between no-island and negative island condition, to see if there is any filled-gap effect

for negative island constraint.

The results are plotted in Figure 2 and the model summaries are presented in Table
3. At the critical adjective region, we observed an expected filled-gap effect in the
comparison between no-island and wh-island (Est. = 45.72, t = 2.05, p = 0.04), showing
that wh-island can effectively block a filler-gap dependency formation. The filled-gap
effect continued in the first spillover region (Est. = 41.37, t = 2.632, p = 0.008) and the
second spillover region (Est. = 22.21, t = 2.55, p = 0.01). However, no effect was found
between no-islands and negative islands at the critical adjective region (p = 0.35) or any
spillover region (first spillover region: p = 0.61; second spillover region: p = 0.95).
Numerically, there seems to be a trend of faster recovery from the filled-gap effect at the

spillover region in negative island condition, but there is no statistical significance.
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Discussion

The results suggest that such a semantic island constraint might take time to emerge,
unlike a syntactic island, which is more immediate. To probe further into the negative
island constraint in the processing of dependency completion, we consider eye-tracking
while reading as a suitable method to demonstrate the time course of negative island

effects.

Experiment 3: Eye-tracking while reading

We used the same experimental items in Experiment 2 to conduct an eye-tracking
study. Eye-tracking method allows a more naturalistic paradigm for reading
comprehension tasks compared with self-paced reading in which participants are forced

to read forward region-by-region, and also provides more reading time measurements to
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investigate the time-course of the negative island effect that might be collapsed in self-
paced reading paradigm.
Participants

30 self-reported native English speakers were recruited in Oxford. All of them
reported normal or corrected-to-normal vision. Four participants were excluded from
further data analysis due to poor performance with an accuracy rate lower than 75%. All
participants were paid £5 as compensation for their time participating in this experiment.
Material

The material used for the Experiment 3 eye-tracking study was identical to the items
used in the Experiment 2 self-paced reading study. In total 72 items (24 experimental
items and 48 filler items) were evenly divided into 2 experimental blocks. There was also
an additional practice block before the experimental blocks for participants to get used
to the procedure.
Procedure

Eye movements were recorded with an EyeLink 1000 plus system (SR Research,
Toronto, Ontario, Canada) at a sampling rate of 1,000 Hz. Calibration and validation were
performed at the beginning of each block and throughout the experiment as needed. A
drift correction was also performed at the beginning of each trial. The participants were
given instructions prior to the start of the experiment. They were asked to read the
sentence on the screen and to fixate on a black dot at the top-right corner area of the

screen when they finished reading, then a true/false question related to the previous
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sentence was displayed and the participants should answer the question according to
their understanding of the previous sentence by pressing a button. Half of the trials were
followed by comprehensive questions and the participants were told to read the
sentences carefully and make sure to answer the true/false questions correctly. They
then first enter a practice block to get familiar with the procedure. After this practice
session, they would go through two experimental blocks. Participants were given time to
take a break between the two blocks. They were also told that they could rest their eyes
whenever they felt like during the experiment, and then calibration and validation would
be performed again when they were ready.
Data analysis

Preprocessing steps were performed using DataViewer (SR Research, Toronto,
Ontario, Canada). Neighbor fixations less than 80ms were merged. Fixations less than
80ms or greater than 1000ms were excluded. Trials with blinks or track loss in the critical
region were also discarded. For the interest areas, we identify and analyze data from
three regions: the verb embedded in the relative clause (e.g., hoped), the adjective
region (e.g., to be famous?®) as the critical region where filled-gap effects are to be
observed, and the prepositional phrase (e.g., by her parents) as a spillover and
disambiguation region. We analyzed the following reading measures: first pass reading

time, i.e., the sum of fixations from the first fixation into the region until the first exit out

° The infinitive region “to be” and the adjective region “famous” were treated as separated
regions in the first place. Given the fact that the length of these two regions are relatively
short and based on the observations that the reading time patterns were congruent with each
other, we merged these two regions for data analysis.
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of this region in either direction, representing the early stage of initial reading; regression
path duration (go-past reading time),i.e., the sum of duration from the first fixation into
the region until the exit out of the region to a later region, representing the later stage of
initial readings, and total dwell time, i.e., the sum of all fixations fall in the region,
representing the complete readings of sentences. These measures are typically known
to be sensitive to the processing difficulties associated with filled-gap effects. These
reading time measures were analyzed in linear mixed-effects models using the Ime4
package in R (Bates et al., 2015). Pairwise comparisons were done using the emmeans
package (Searle et al., 1980). Island type was included as a fixed effect, and subject,
items were included as random effects. Maximal models were first applied and reduced
effect slopes from random effects if the models failed to converge. Contrast code was
created to make separate comparisons against no-island condition: negative-island
condition vs. no-island condition; wh-island condition vs. no-island condition.
Results

Means and standard errors for the eye-movement measures in each region are
reported in Table 3, and model summaries are reported in Table 4. Figure 3 demonstrates

the results of the three reading times measures at the critical adjective region.

Verb region. Shorter reading time was observed in wh-islands compared with no-

islands in first-pass reading time (Est. = 33.71, t = 3.10, p = 0.006) and total reading time
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(Est. = 146.1, t = 2.49, p = 0.035). No significant effect was found in the comparison

between negative-islands and no-islands.

Adjective region. Shorter reading times were found in wh-islands compared with
no-islands in first-pass reading (Est. = 80.06, t = 2.60, p = 0.038), go-past reading (Est.
=145.9,t=2.57, p = 0.028) and total reading (Est. =242, t = 3.25, p = 0.009). However,
no facilitations in reading time or regression out were found in negative islands compared
with no-islands, in either first-pass reading (Est. = -7.45, t = -0.25, p = 0.967), go-past

reading (Est. =13.6, t=0.24, p = 0.969) or total reading (Est. = 115, t=0.918, p = 0.633).

Spillover region. Reading facilitations continued to the spillover region in wh-island
conditions compared with no-island condition, reflected by shorter go-past reading time
(Est. = 279.6, t = 2.31, p = 0.041) and total reading time (Est. = 179.96, t = 2.14, p =
0.05). For the comparison between negative-islands and no-islands, a marginal effect
was found in first-pass reading time (Est. =-58.2, t =-2.04, p = 0.074) and in total reading
time (Est. = -202.74, t = -1.73, p = 0.093) in the direction that negative islands require

more reading time than no-islands.

33



Verb region

Adjective region

Spillover region

First pass reading

No-island 284(13) 480(24) 386(15)
Negative-island 270(9) 471(21) 448(19)
Wh-island 239(9) 394(17) 412(19)
Go-past reading

No-island 386(52) 695(50) 977(82)
Negative-island 354(35) 716(45) 977(117)
Wh-island 428(37) 543(33) 701(69)
Total reading

No-island 651(39) 1045(59) 802(45)
Negative-island 698(75) 1159(86) 912(71)
Wh-island 506(32) 802(45) 724(47)

Table 3. Means and standard errors for each measure in each region

Eye-movement measures
First pass reading time Go-past reading time Total reading time
Est. SE t Est. SE t Est. SE t

Verb

No vs. wh-island 33.71 10.9 3.10% -45.6 61.5 -0.74 146.1 58.8 2.49*
No vs. neg-island -1.79 10.8 -0.72 27.7 59.3 0.47 -45.6 58.6 -0.77
Adjective

No vs. wh-island 80.06 30.8 2.60% 145.9 56.8 2.57* 242 74.4 3.25*
No vs. neg-island -7.45 30.5 -0.25 13.6 56.6 0.24 -115 125.6 -0.92
Spillover

No vs. wh-island -21.9 29.6 -0.74 279.5 121 2.31% 180.0 84.0 2.14*
No vs. neg-island -58.2 28.6 -2.04 -3.18 121 -0.03 -202.7 117.0 -1.73

Table 4. Model summaries for each measure in each region
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Figure 3. Mean reading time in each measure at the critical adjective region.
Discussion

To start with, in the comparison between wh-islands (syntactic islands) and no-
islands, speedups in reading time in wh-islands were observed in all three measures
(first pass reading time, go-past reading time and total reading time) at the critical
adjective region where filled-gap effects typically show up when active gap filling is
initiated. The speedups continued in the later spillover region in go-past reading time and
total reading time. We interpret these findings as modulations of active dependency
formation by strong islands. When the parser processes the previous relativizer region
(i.e., “who was”) and recognizes the presence of an embedded relative clause island, it
stops trying to associate the degree question filler (e.g., “how tall”) within the island

domain, thus a filled adjective does not trigger filled-gap effects in wh-island conditions
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as no anticipation of a gap is generated. This observation is consistent with previous
studies claiming the parser is sensitive to strong island constraints. Additionally, reading
facilitation in wh-islands also showed up at the verb region. One sensible explanation is
that, the presence of a relativizer in wh-islands helps the parser to disambiguate the
sentence structure compared with no-islands and negative-islands where a reduced
relative clause creates a temporary ambiguity between relative clause structure and
simple main clause structure. Thus, when processing the verb in wh-islands, the verb is
unambiguously an embedded verb, and less processing time is required. When
processing the verb region in no-islands and negative-island, the verb is temporarily
ambiguous between a past-tense main verb and an embedded verb in a reduced relative

clause structure.

What’'s more to our interest is the comparison between negative islands and no-
islands. No significant effect was observed in negative island conditions in all three
reading time measures at the critical adjective region, suggesting an agreeing pattern
with no-island conditions. This alignment can be viewed as an indication that the parser
does not recognize the negation as a cue for an island domain, thus treats negative
islands as no-islands in real-time sentence processing and actively posits a gap, then
filled-gap effects show up when an adjective takes up the hypothesized gap position.
Besides the critical adjective region, the reading patterns of negative islands also

demonstrate consistency with the reading patterns of no-islands in the spillover
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/disambiguation region, suggesting that the comprehenders were experiencing the same
temporal ambiguity of sentence structure and disambiguation as in no-islands. Some
marginal effects of even longer reading times showed up in negative islands in first-pass
reading and total reading potentially indicate that not only the presence of negation fails
to help the parser to recognize an island domain, but also it, as an independent
processing factor (see Gieselman et al., 2013), creates extra demands of resources from
the parser to process the sentence structure, therefore, even longer reading times are

expected for negative islands.

General Discussion

This study focuses on the real-time processing of negative islands, a type of weak
island that selectively constrain wh-dependencies. Unlike strong islands which are
syntactic in nature, negative island is in essence a presuppositional constraint of
maximal informativity, i.e., the answer set contains a true answer entailing all the other
true ones. While the processing of strong islands has long been well-studies, and the
literature has established a point that human sentence processing parser is sensitive to
strong island constraint, however, not much attention has been given to the parser’s
sensitivity to negative islands and it remains unclear whether island constraints arise
from different levels will behave differently in affecting parsing decisions. The
semantic/pragmatic level of calculations are considered to take more time and require

more resources for the parser during the processing of the presupposition violation in
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negative islands, but it has not been directly compared with strong islands in real-time
measures. Novelly, by observing the effectiveness in blocking the filled-gap effect, we
are able to directly compare different types of island constraints at the same time, to see

the differences in time course when processing various island situations.

To start with, we confirmed that comprehenders are aware of negative island
constraints offline in Experiment 1. The results show that, during off-line complete
reading comprehension, negative degree questions are rated much lower than positive
degree questions, suggesting participants realized the violation of maximal informativity
and thus considered negative degree questions to be unacceptable. An interaction
between polarity and sentence structure suggested that relative clause island effectively
blocked the scope of negation, rescuing the acceptability of negation with relative
clauses. More importantly, using real-time experimental measures, Experiment 2 and
Experiment 3 demonstrate the differences in time course when parsing different types of
islands. We first confirmed the typical findings that strong islands can be utilized by the
parser to block the active gap searching within island domains in both experiments. Then
we demonstrate that the negative islands, on the other hand, cannot block the filled-fap
effect caused by active gap filling and the reading patterns of negative islands are
consistent with no-islands. Experiment 2 found a filled-gap effect in wh-island at the
critical region, the first spillover region, and the second spillover region. While no effect

was found in negative islands at the critical adjective region or any spillover region,
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though seemingly there was a trend of faster recovery from the filled-gap effect at the
spillover region. Using more fine-grained reading time measures, Experiment 3
replicates and solidifies the findings about the strong island’s blocking effect in
Experiment 2 and also further clarifies that the trend of numerically faster recovery from
filled-gap effect at the spillover region in negative island condition was spurious. It is
evident by shorter reading times in strong island condition observed at the critical
adjective region and spillover region with multiple reading time measures including first-
pass reading time, go-past reading time, and total reading time, and by no significant

difference between negative islands and no-islands in any region in all reading measures.

Our results demonstrate the differences in real-time processing between negative
islands and wh-islands. These differences might be caused by different sources of island
constraints. Wh-islands are more of syntactic constraints with clear syntactic boundaries
that help comprehenders recognize the embedded domain, while negative islands arise
from more semantic/pragmatic considerations which is not explicitly cued at the
grammatical level. A grammatically explicit cue like a wh-phrase filler helps the parser
recognize an embedded island domain whenever it presents itself in a sentence context.
On the other hand, either a negator alone or a degree question alone is not an
unambiguous cue for negative island constraints. A violation of maximal informativity
context needs to be created to enable negative island constraints. Therefore, the exact

degree question filler has to be fully retrieved upon processing a negator and
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comprehenders need more time to calculate such a presupposition for questions and
thus are unable to immediately recognize the cues for negative island constraints in real-
time. Underlyingly this asymmetry between wh-islands and negative islands in real-time
status might imply a dual-analyzer system for sentence processing that a heuristic parser
cannot rapidly recognize a presuppositional constraint and such a violation can only be

detected when boarder grammar knowledge comes into play later.

There are some studies going after a processing approach to understanding the
nature of negative island phenomena, that negative island constraints are the overload
of general processing costs. The central claim of processing-based theories (e.g. Deane,
1991; Hofmeister & Sag, 2010; Kluender, 1991; Kluender, 1998; Kluender, 2004;
Kluender & Kutas, 1993) is that the avoidance of wh-extractions out of certain domains
might be a result of complex configurations that exceed the capacity of working memory
system, rather than the violation of grammatical constraints. The processing costs are
more from an extra-linguistic perspective, that the unacceptability of negative questions
is caused by individual factors that create accumulated processing difficulties, rather
than by specific instantiation of grammatical knowledge. Gieselman and colleagues
(2011) identified three factors that are known to increase processing difficulties in
general: extraction, negation, and referentiality, and isolated each factor to see if these
factors independently elicit differences in sentence acceptability with and without island

contexts. In a series of acceptability tasks, they found robust effects of extraction types
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(subject-extractions vs. object-extractions) and of referent types (which-phrase vs. how
many-phrase) only in the presence of negation, while the effect of negation is prominent
even in the absence of these other factors. They argue that negation is a general
processing factor that creates difficulty in parsing complex structures and thus affects
the acceptability of negative islands. However, it does not mean that island constraints
can be reduced to processing factors that intervene in working memory load. There is
also an increasing body of empirical studies suggesting that the island effects remain
significant even when general processing factors are controlled in the experimental
designs (e.g., Sprouse, 2007; Sprouse, Wagers, & Phillips, 2012). What's more, their
data still come from offline acceptability tasks in which time-sensitive processing

information is absent.

There also has been much debate over the strong/weak islands distinction, to
summarize, about whether weak islands should be analyzed at the same level of
representation as strong islands and whether weak islands and strong islands can be
explained under the same mechanism. Underlyingly, our results indicate that negative
islands might be at a different level of representation from strong islands and should be
explained by separate mechanisms. However, one thing to note is that, although a
negative island is generally categorized as a type of weak island, here we view the
observed differences between wh-islands and negative islands as a result of the

distinction of syntactic cues and semantic/pragmatic cues rather than strong/weak
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distinction. Traditionally, the distinction between strong islands and weak islands is
drawn based on the acceptance of various extraction types. Islands that prohibit all
extractions are categorized as strong islands while those that cannot block all extractions
are weak islands. Thus the group of weak islands is an unmarked category including
various types of constraints, such as negative islands, extraposition islands, whether
islands, etc. Some of them have a semantic/pragmatic nature while other weak islands
are still syntactic islands. Therefore, regarding the discussion about whether there is a
categorial difference between strong islands and weak islands, we think from a real-time
processing perspective, the weak island type should not be treated as a unified group
and the performance varies as different types of weak islands arise from different levels
of representations. Our results suggest that negative islands and strong islands behave
differently during real-time sentence processing due to their semantic/pragmatic
properties. There are other studies suggesting that whether-island, as a type of weak
island with a syntactic nature, is more in line with strong islands and demonstrates

properties that can be rapidly utilized by real-time sentence parser.
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Conclusion

In this paper, one off-line acceptability judgment and two real-time reading
comprehension studies, one online self-paced reading task and one lab-based eye-
tracking while reading task were conducted to investigate the human sentence parser’s
sensitivity to different types of island constraints. We first confirmed the comprehenders’
awareness of negative island constraint using off-line judgment tasks. Then in the self-
paced reading and eye-tracking studies, we replicated previous findings that the real-
time parser is sensitive to wh-islands (syntactic islands), indicated by the blocking of
filled-gap effects during active dependency formations. Novelly, we included negative
islands in the comparison of the parser’s sensitivity to island constraints, and provided
evidence that negative island constraints cannot be rapidly used in real-time processing,
indicated by the failure to block filled-gap effects during active dependency formations.
These findings suggest that negative (semantic/pragmatic) islands might take time to
emerge, unlike wh- (syntactic) islands which might take more immediate effects in real-

time processing.
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