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ABSTRACT 

While there is now ample evidence of prediction in language processing, the overwhelming 

majority of this evidence comes from “prediction encouraging set-ups”. Thus, while many theories 

of language processing posit an inherent role of prediction in language processing, the reliance on 

prediction encouraging set-ups and the findings that some manipulations drastically reduce 

prediction (e.g. concurrent phonological demand) or that some groups (e.g., non-native speakers, 

illiterate adults, children, older adults) show reduced prediction have led some to question the 

ubiquity of predictive language processing. Two standard parts of the “prediction encouraging set-

up” are slow speech rates and a minimally demanding processing context/environment. The three 

studies included in this dissertation manipulate both of those, specifically by using faster speech 

rates and a concurrent nonlinguistic working memory demand, during the also more demanding 

task of non-native predictive language processing. I report evidence that simple semantic 

predictions in non-native English speakers are generally robust to both increases in speech rate 

and concurrent working memory demands. However, either gaze behavior or predictions that 

require language/vision interactions as well as predictions that require combining multiple 

representations may be reduced as demand increases. 
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Study 3 investigates the effects of speech rate on first and second stage predictions in L1 and L2 

English speakers. The first stage predictions were based solely on semantic associations, while the 

second stage predictions required a combination of words to derive the correct target. We found 

that L1 and L2 speakers made both first- and second stage predictions similarly at slow (2.6 

syllables per second) and middle (3.6 syllables per second) speech rates. However, faster speech 

rates (4.6 syllables per second) specifically affected L2 predictions in both stages of prediction. 

L2 speakers made slightly later first-stage predictions and made fewer and later second-stage 

predictions. Thus, while L2 speakers could predict at all speech rates across both stages, these 

predictions were delayed, reduced, and more variable at higher speech rates. 
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CHAPTER 1. INTRODUCTION 

 

                                               

Above are two oil paintings by Italian artist Giuseppe Arcimboldo, painted between the years 

1570-1590. On the surface, these are simply paintings of a bowl of vegetables or a bowl of fruit. 

Turn the page upside down and have a second look. Nearly instantly, you will see something 

completely different. What would otherwise be an upside-down version of the same painting 

became something more. Here, we see an example of the constructive nature of the brain. That is, 

the brain constructs what we actually perceive by combining the incoming sensory input with our 

previous, experience-based world knowledge. What we actually see then is our brains’ 

interpretation concerning the most likely state of the world. We know from our previous 

experience with the world that faces are quite variable but comprise a specific set of features. Thus, 

a certain arrangement of features triggers our strong perceptual bias for face perception (e.g., Tsao 

& Livingstone, 2008). The context of our reality has shaped the incoming sensory input. This effect 

of seeing meaningful stimuli in an otherwise meaningless medium is known as pareidolia and is 

often explained under the frameworks of predictive coding and the Bayesian brain (for 
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comprehensive discussions, see e.g. Friston, 2010; Lupyan & Clark, 2015). Core to these 

frameworks is the idea that the brain generates probabilistic models of how the world works. These 

models are based on our experiences with the world, and by interacting with the world we refine 

or update these models. When interactions go as planned, our internal model is reinforced. When 

things do not fit, our internal model can be updated. Thus, under the predictive mind framework, 

processing has an inherent aspect of prediction. 

Under the umbrella of processing is, of course, language processing. Predictive language 

processing has played a major role in psycholinguistic theory in the past few decades (e.g., 

Altmann & Mirković, 2009; Dell & Chang, 2014; Huettig, 2025; Pickering & Garrod, 2013), with 

countless papers showing that prediction is pervasive in language processing. For an example of 

how language must, minimally, involve some predictive mechanism sensitive to context, we can 

look at the classic garden-path sentence: “The horse raced past the barn fell” (Bever, 1970). The 

normal context of English sentences (i.e., how sentences we encounter are most commonly 

structured) influences the initial reading of this sentence and leads readers to difficulties when 

encountering the word “fell.” The typical, predictable structure of the sentence is incorrect, and 

the unlikely continuation of the actual sentence structure leads to increased difficulty in processing 

the sentence. In other words, the context (how sentences are normally structured) influenced our 

processing (the difficulty of reading the sentence) before encountering some information (all of 

the sentence). The brain has to be acting predictively for this difficulty to occur. If we simply 

waited until the sentence was complete to commit to an interpretation, there would be no difficulty. 

Furthermore, a psycholinguist is much less likely to encounter this processing difficulty upon 

reading “The horse raced past the barn fell.” This is the prototypical garden-path sentence that 
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any psycholinguist would have encountered and thus, their previous experience with this sentence 

has updated their probabilistic model of how this sentence proceeds. 

Garden-path sentences are but one of many types of evidence for predictive language processing. 

For example, reading based eye-tracking studies have shown that predictable words are fixated for 

less time and are more likely to be skipped (e.g., Rayner et al., 2011). A classic study by Altmann 

& Kamide (1999) showed that, when hearing sentences like “The boy will eat the cake” and 

looking at a variety of objects, participants will look towards a cake (an edible object) as soon as 

they hear “eat.” Kutas & Hillyard (1984) used electroencephalography (EEG) and showed that 

semantically predictable words are processed differently to unpredictable words. Similar findings 

on the effects of predictable input have been replicated countless times by now and are incredibly 

consistent at finding that language processing is sensitive to the predictability of the incoming 

stimuli. 

The power of predictive language processing can be seen through ChatGPT and other transformer-

based large language models (LLMs) which have, for better or worse, changed modern society. 

LLMs are, quite literally, prediction machines that have been trained on an immense amount of 

text from sources such as manuals, webpages, articles, books, etc. (analogous to how, in a 

predictive coding model, our internal representation of the world has been trained by all of the 

input we have received). This data helps the LLM learn the statistical regularities of language and 

forms the baseline context for the language model. The goal of the LLM is then to predict the most 

likely continuation given the context, essentially using its preexisting world knowledge (the dataset 

on which it is trained) to predict what the most statistically likely series of words would be in 

response to new input. The LLM approach of using a rich context to predict the most likely series 

of words given a new input has been sufficient to produce what many consider to be very 
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humanlike output. Even experimentally, ChatGPT has been shown to replicate human behavior in 

10 out of the 12 psycholinguistic experiments presented to it by Cai et al. (2025). Interestingly, 

ChatGPT was susceptible to effects that are thought to require grammatical representations even 

though it is not trained on syntax, suggesting that mechanisms for predicting the next word can 

even lead to an emergent syntactic representation. In other words, although it is only designed to 

predict the next most likely word, these models can form new internal representations (learn!) that 

they are never explicitly trained on. As another example, Li et al. (2023) trained a GPT model 

(again, a model that predicts the most likely continuation given the context) on legal move 

sequences in a board game (Othello). They were then able to show that this model formed internal 

representations of the board state and derived the rules of the game. While obviously not fully 

representative of human processing, ChatGPT (and other similar language models) have shown 

that a purely statistically driven, predictive processing approach can quite well simulate human 

learning and language processing in some cases. Clark (2013) describes the brain as “a prediction 

machine” and the humanlike performance of these literal prediction machines offers some 

interesting support for such an idea. 

Given the current evidence, it is at least evident that prediction can play a role in language 

processing. However, there are still questions regarding the ubiquity of prediction (is everyone 

always predicting?; e.g., Huettig & Mani, 2016), the cognitive requirements of prediction (does 

working memory play a role in prediction?; e.g., Ryskin et al., 2020), or the mechanisms through 

which predictions actually occur (one stage? two stages? production system?  e.g., Huettig, 2015). 

The findings presented in this thesis offer meaningful insights into these questions. 
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1.1 Prediction in Spoken Language Comprehension 

1.1.1 Seeing the future 

What is prediction? This question has been surprisingly difficult to answer. As noted by Kuperberg 

& Jaeger (2016), the meaning of prediction has taken on a variety of meanings between subfields 

and between researchers. For the following discussion, I will define linguistic prediction similarly 

to Huettig (2015) and Kuperberg & Jaeger (2016): linguistic prediction is the pre-activation of at 

least some linguistic feature (e.g., a word, features associated with a word, the role of a word in a 

sentence, etc.) that is shaped by context (e.g., pre-existing knowledge, current processing 

environment) before this linguistic feature is encountered. Put somewhat more simply, linguistic 

prediction is the activation of some part of a thing before the thing is encountered. 

As discussed by Kuperberg & Jaeger (2016), one of the major limitations for examining linguistic 

predictions, and indeed a major historical reason why its role in language processing was 

previously largely disregarded, is the limitation of how to look at predictions. Predictions are, 

necessarily, about the future. For a long time, there was little “direct” evidence of prediction. While 

there was plenty of evidence that more predictable words were processed faster or differently from 

less predictable words (in reaction times, e.g., Stanovich & West, 1983; in eye-tracking measures, 

e.g., Ehrlich & Rayner, 1981; in neural responses, e.g., Kutas & Hillyard, 1980), these 

methodologies all suffered from the same critical problem. In each of these methodologies, the 

effect of predictability could, at best, be measured at the onset of the predictable item. Thus, it was 

historically easy to argue that these effects were not due to pre-activation of a word, but instead 

due to a facilitated integration of a word into its current context.  

This changed in 1995 with the seminal study by Tanenhaus et al. This study revitalized a 

previously used paradigm by Cooper (1974) in which participants have their eyes tracked while 



 

6 

listening to auditory input and looking at a display containing multiple objects. A similar method 

was then used by Altmann & Kamide (1999) to become what is today one of the most influential 

paradigms in psycholinguistics, the Visual World Paradigm (VWP; for a further comprehensive 

review of this task, see Huettig, Rommers, et al., 2011). The VWP is an eye-tracking paradigm 

that consists of two major parts: (1) an auditory stimulus and (2) some images that are visible while 

listening to the auditory stimulus. Participants hear a sentence that is typically either a task (“Click 

on the banana”) or a general sentence (“The boy will eat the cake”). The most common version 

of the display is a visual array consisting of 4 items, typically situated near the corners of a screen. 

These objects may either be a target (what the sentence refers to) a competitor (something meant 

to attract some kind of attention, for example a semantically related object) or a distractor (a neutral, 

unrelated object). The key feature of this paradigm is that, by tracking where a person looks as a 

sentence unfolds, we can see evidence for participants looking towards predictable objects before 

encountering the word that refers to that object. For example, when Altmann & Kamide (1999) 

presented participants with the sentence “The boy will eat the cake” and a visual display consisting 

of a boy, a cake, and several non-edible objects (a ball, a train, and a car), it was clear that 

participants were looking at the image of the cake as soon as they heard the word “eat” (i.e., before 

hearing the word “cake”). This paradigm enabled the first, direct evidence of prediction of a target 

word that was undeniably not due to integratory mechanisms. 

Alongside eye-tracking and the VWP, the other most common methodology for looking at spoken 

language predictive processing is by using EEG and measuring the N400 ERP. The N400 is a 

neural response that occurs around 400 milliseconds after the onset of a word and the amplitude 

of the N400 is reduced when encountering a more predictable word. Thus, if participants listen to 

sentences while being recorded with EEG and the N400 response is measured at the target word 
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onset, predictable target words will elicit a smaller N400 response than unpredictable target words. 

While evidence for the N400 as a neural response sensitive to predictability dates back to a study 

by Kutas & Hillyard in 1980, this was still often interpreted as evidence of integration due to the 

measurement occurring at target onset. However, an influential 2005 study by DeLong et al. 

showed evidence of a modulated N400 amplitude before target onset by measuring the N400 at 

the onset of an English article (a/an) preceding a predictable target noun. In this study, participants 

were presented sentences such as “The day was breezy so the boy went outside to fly a/an 

kite/airplane.” They found the expected reduction of the N400 for the predictable target word 

(“kite”) compared to the unpredictable (“airplane”), but, crucially, also found a reduction of the 

N400 for the article corresponding to the predictable target (“a”) compared to the unpredictable 

target (“an”). This study provided the first direct evidence for the N400 being at least partially a 

measure of predictability, as participants must have predicted a word that started with a consonant 

for an effect to occur at “a”. Despite the large influence of this study, there is considerable 

controversy around this finding. For example, Ito et al. (2017a) failed to replicate this finding, 

DeLong et al. (2017) responded to this failed replication with critiques on the methodology used, 

Ito et al. (2017b) responded to these critiques, Yan et al. (2017) reanalyzed the data from both 

studies and found support for the effect, and Nieuwland et al. (2018) failed to replicate the effect 

in a 9 laboratory, 334 participant replication.  

Luckily, other research has continued to provide evidence that at least one major contributor of the 

N400 response is an index of pre-activating a word or semantic features associated with a word. 

For example, careful and intentional manipulation of the predictability and plausibility of a word 

(e.g., Mantegna et al., 2019; Nieuwland et al., 2019) have been able to show dissociable effects of 

prediction and integration and neuroimaging data has localized N400 effects to the posterior 
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middle temporal cortex, a region associated with storing and activating mental representations 

(Lau et al., 2008). Thus, purely integratory accounts of the N400 are not sufficient. Today, one of 

the most common understandings of the N400 is that it represents the change in the current 

activation state of semantic memory and that each incoming word alters this state (Kutas & 

Federmeier, 2011). In this framework, a word that is already predictable given the context has a 

more active state in semantic memory when it is encountered and thus elicits relatively less change 

(i.e., a smaller N400) than an unpredictable word. It is noteworthy that some new computational 

models formalize the N400 as the prediction error produced as the brain derives meaning from a 

newly encountered word. In such a framework, a predictable word produces a smaller prediction 

error which manifests as a smaller N400 (e.g., Eddine et al., 2024). However, for the scope of the 

studies covered here, either interpretation is sufficient to emphasize that modulations in the N400 

are indicative of changes in the predictability of an encountered target word. 

To summarize, eye-tracking and EEG are the two most common ways to examine predictive 

processing. While eye-tracking in the visual world paradigm offers a quite “true” measure of 

prediction, insofar as it allows us to see evidence of looks to a target before it is mentioned, this 

methodology inherently requires concurrent visual objects which may further constrain or shape 

the cognitive mechanisms involved in predictive processing. On the other hand, EEG allows us to 

examine language processing without this extra visual information, but with a measurement that 

only occurs at target onset. However, this measurement (the N400) is consistently associated with 

the degree of pre-activation of a word. In the studies included in this dissertation, both of these 

methodologies were used to offer unique insights into predictive language processing. 
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1.1.2 The many flavors of prediction 

Language is full of statistical regularities that our brain can use to aid in predictions (e.g., Saffran 

& Kirkham, 2018). For example, in any given language certain sound combinations are possible 

while others are not. The structure of a language (grammar) only allows for certain categories of 

word in certain relationships to other words. Some words have meanings that are more closely 

related to other words. Evidence suggests that, not only can each of these cues (phonology, syntax, 

and semantics) be used for prediction, predictions at each of these levels of representation may be 

happening simultaneously and interacting (e.g., Heilbron et al., 2022). 

The most common ways to manipulate the predictability of a sentence are through either syntactic 

manipulations or semantic manipulations. In languages with grammatical genders (e.g., Spanish, 

German, Dutch), these gendered articles can be used to predict a likely upcoming target. For 

example, in the Dutch sentence “Kijk naar de afgebeelde fiets” (“look at the displayed bicycle”), 

“de” is an article that is compatible with “fiets”. If participants hear this sentence in the VWP, 

they will begin to preferentially look at objects compatible with the gender before hearing the 

actual object (e.g., Huettig & Guerra, 2019). 

Due to the lack of grammatical gender in English, by far the most common way prediction is 

observed in English is through semantic manipulations. For example, the semantic constraints 

from the aforementioned sentence “The boy will eat the…” leads participants to look towards any 

edible items that are in a concurrent display (e.g., Altmann & Kamide, 1999).  

Furthermore, these semantic predictions can proceed through multiple different pathways. For 

example, a study by Kukona et al. (2011) showed that participants may first make incorrect or 

incompatible predictions based on semantic constraints. When participants in their study heard the 

sentence “Toby arrests the crook,” they found that participants looked towards an image of a police 
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officer upon hearing “arrest.” Thus, the semantic relationship between arrest and police officer 

drew gaze behavior even though “Toby arrests the…” is unlikely to be followed by police officer. 

Multiple-system models (models that assume that predictions can occur through multiple pathways 

and not just one singular mechanism) of prediction typically consider this style of prediction to be 

fast, automatic, uncontrolled, and guided by spreading activation (“the dumb route to prediction” 

-  Huettig, 2015; prediction-by-association - Pickering & Gambi, 2018).  

Most models of predictive language processing also consider a second, slower, more intentional 

pathway to prediction. Studies by Corps et al. have managed to show evidence for two distinct 

stages of prediction in both L1 (native; 2021) and L2 (non-native; 2022) English speakers. They 

presented participants with sentences like “I would like to wear the nice dress/tie” that were spoken 

by either a male or a female voice. This sentence was accompanied by a visual array containing 

images of a dress (stereotypically feminine + wearable), a tie (stereotypically masculine + 

wearable), a hairdryer (stereotypically feminine) and a drill (stereotypically masculine). 

Participants first showed semantically constrained looks equally towards wearable objects (dress 

and tie; stage 1) and then towards objects that were gender compatible (i.e., dress if spoken by a 

woman and tie if spoken by a man; stage 2). The usage of perspective consistent predictions 

requires previous knowledge of stereotypically male and female associations to be combined with 

the semantic constraints of a verb. These second stage predictions are thus often seen to be due to 

a more deliberate, integratory or combinatory mechanism than the first stage predictions. While 

these more demanding predictions have been shown to exist, the exact pathway through which 

they proceed is unclear. For example, Pickering & Gambi (2018) suggest that such predictions are 

driven by the same mechanisms that are used in language production. Meanwhile, Huettig (2015) 

suggests that production-, association-, combinatorial-, and simulation-based mechanisms are all 
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required to account for the current findings of predictive language processing and that these 

mechanisms may all be interacting together simultaneously depending on the task context. 

To summarize, predictions are able to formed at multiple levels of representation (e.g., phonologic, 

syntactic, semantic) and proceed through multiple pathways (e.g., more automatic or more 

effortful paths). The studies included in this thesis are primarily concerned with semantic 

predictions and assume that there are at least one primarily associative mechanism and one 

primarily combinatory mechanism through which predictions may be formed. 

1.1.3 Are you thinking what I’m thinking? 

Everyone may predict, but not everyone predicts equally. The strength and reliability of predictive 

language processing can vary based on many factors. Age, for example, seems to play an important 

role in prediction. While children as young as two have been shown to be able to predict (e.g., 

Mani & Huettig, 2012), the extent of these predictions is limited. Interestingly, Gambi et al. (2018) 

found that it is the high-level predictions (e.g., based on semantics) that children are more capable 

of than the low-level predictions (e.g., based on more perceptual input like phonology), suggesting 

that children learn to predict (they learn words and concepts, then they start predicting based on 

conceptual information) instead of children predicting to learn (they predict based on incoming 

perceptual input, prediction error drives learning). Multiple frameworks of predictive processing 

suggest that prediction is a driving force for learning (e.g., Dell & Chang, 2014; Friston, 2010). 

Thus, if children are capable of higher-level predictions (e.g., based on semantics) as early as age 

2, but still do not reliably use more perceptually based predictions (e.g., based on phonology) even 

at age 5, then children seemingly learn without a necessary role for prediction. 

On the other end of the age spectrum, results on predictions in older adults are quite varied. From 

a theoretical point of view, older adults have a longer time to accrue language experience and thus 
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could be expected to show more prediction due to this experience. On the other hand, increasing 

age comes with various cognitive declines, including specifically declines in working memory and 

processing speed which have, at least in some cases, been previously linked to predictive 

processing (e.g., Huettig et al., 2016). Indeed, when controlling for the effects of working memory 

and processing speed, Huettig et al. (2016) found no effect or even a slightly positive effect of age 

on prediction. However, a variety of studies have found reduced (e.g., DeLong et al., 2012; 

Federmeier & Kutas, 2019; Fernandez et al., 2025) or qualitatively different (e.g., Rayner et al., 

2006) prediction in older adults. Thus, there seems to be a “sweet spot” for predictive capabilities 

in early adulthood, where both the predictive mechanisms and the cognitive functioning may be at 

their peaks. 

Similarly, L1 (native) and L2 (non-native) speakers of a language differ in their predictive 

capabilities. For example, grammatical gender cues are readily usable by L1 speakers for 

predictive processing but are often not usable for L2 speakers. Even when L2 speakers perform at 

ceiling level for offline comprehension tasks, they may still be less able to use grammatical gender 

as a predictive cue than L1 speakers (e.g., Hopp, 2013; Grüter et al., 2012). However, Hopp (2016) 

found that sufficiently advanced L2 speakers can predict using grammatical gender similarly to L1 

speakers. Semantic cues, on the other hand, are readily usable by L2 speakers (e.g., Chambers & 

Cooke, 2009; Ito et al., 2018). For example, Dijkgraaf et al. (2016) found that Dutch-English 

bilinguals could use semantic information to predict similarly in both Dutch and English and that 

their L2 English predictions were no different from monolingual English speakers. 

Despite these processing differences, Kaan (2014) suggests that L1 and L2 predictive processing 

are fundamentally the same. Instead, she suggests that both L1 and L2 predictive processing are 

moderated by factors such as language exposure (given enough exposure, L2 and L1 should predict 
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similarly; Hopp, 2016), quality of lexical representation (L1 speakers with weaker lexical 

representations predict less, e.g., Mishra et al., 2012), or cognitive resources (L2 processing is 

more cognitively demanding than L1 processing, Hopp, 2010). Indeed, neural evidence from 

Newman et al. (2012) suggests that language exposure (more vs. less) is more relevant than 

language group (L1 vs. L2) and eye-tracking evidence from Ito et al. (2018) suggests that limiting 

cognitive resources similarly reduces L1 and L2 predictive behavior. Despite multiple models of 

predictive processing suggesting an important role of cognitive resource capacities (e.g., Hopp, 

2010; Huettig, 2016; Kaan, 2014; McDonald, 2006) only one study (Ito et al., 2018) had previously 

shown evidence that directly manipulating working memory resources can reduce predictive 

processing. 

Thus, children, older adults, and L2 speakers of a language all show reduced prediction compared 

to younger L1 adults. As discussed by Ryskin et al. (2020), it is not necessarily clear if these 

differences arise due to differences in working memory capacity or due to differences in language 

exposure. Importantly, the way that L2 speakers predict (especially in regards to semantic 

predictions) should be fundamentally the same as L1 speakers. Thus, L2 language processing may 

be seen as an extra cognitive demand that we take advantage of throughout these studies. 

1.2 Motivations and Research Questions 

The main source of motivation for the following series of experiments can be summed up by a 

quote from Huettig & Mani (2016): “… it may be problematic that most experimental evidence 

for predictive language processing comes from ‘prediction-encouraging’ experimental set-ups.” 

Two standard parts of the “prediction-encouraging experimental set-up” are slow speech rates and 

a minimally demanding processing context/environment (i.e., a quiet laboratory setting in which 

participants hear a simple sentence and select from a small subset of items). Thus, an overarching 
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goal of this series of research was to examine prediction in a less “prediction-encouraging” (i.e., 

more demanding) context and to see if such manipulations reduced the likelihood or magnitude of 

predictive processing. By understanding what types of demand influence predictive language 

processing, we can gain more understanding of the mechanisms that enable predictive processing. 

Understanding the limits of prediction brings us closer to understanding the cognitive architecture 

that enables prediction. Indeed, each of the studies in this thesis induce multiple cognitive demands 

which would not be present in a standard prediction experiment. Participants were faced with 

concurrent working memory demands, non-native language processing, and speech rates above 

what are often used in spoken language prediction research.  

All three of the studies in this dissertation feature spoken sentences with normal speech rates. 

While many studies have shown strong evidence that people can predict upcoming sentences, these 

results are almost exclusively in the context of “prediction-encouraging” set-ups. A part of the 

typical “prediction-encouraging" set-up is the slow speech rate of the spoken sentences (this is 

discussed further in section 2.2.2). There is an ongoing debate on the role prediction plays in 

language processing which focuses on whether prediction is necessary and obligatory for language 

processing or is, instead, an optional process that is sometimes beneficial (e.g., Huettig & Mani, 

2016; Ryskin & Nieuwland, 2023). If slow speech rate is required for consistent prediction, then 

it seems quite unlikely that prediction could be a mandatory facet of language processing. 

Experiment 3 of this collection takes this one step further and focuses specifically on the effects 

of speech rate on the stages of prediction to see if different predictions are differentially affected 

by speech rate. 

Two of the three studies presented in this dissertation use a concurrent visuospatial working 

memory task, specifically a digitized version of the Corsi block tapping task (Corsi, 1970), to 
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increase the demands of prediction. In this task, participants are presented with an array of 9 

squares and are indicated a certain number of these squares to remember and later recall in the 

same order as previously indicated. This task was chosen with two main goals in mind. The first 

goal was to minimize the recruitment of language in the cognitively demanding task. Thus, the 

Corsi block tapping task represents a cognitively demanding task that does not require explicit 

naming or rehearsal of linguistic or phonological information. Secondly, one of the motivations of 

this research was to test the automaticity of predictive processing. Bargh (1994) described what he 

called the “four horsemen of automaticity,” i.e., four defining characteristics of an automatic 

process in the brain. These four characteristics are intention (are you aware of when this process 

starts?), control (are you able to stop or alter this process once it is initiated?), awareness (do you 

realize this process is happening?), and efficiency (does this process require mental effort?). Of 

particular interest here is the aspect of efficiency, or whether predictions are resource demanding. 

If generating predictions is resource demanding, a reduction in the availability of cognitive 

resources would be expected to reduce prediction. Thus, reductions in prediction due to a 

concurrent visuospatial working memory task could potentially be evidence towards prediction 

being a resource demanding process.  

With these motivations in mind, I ask the following questions: 

RQ1. Do L2 speakers predict despite a variety of challenging situations? 

Evidence from Huettig & Guerra (2019) and Ito et al. (2018) suggest that normal speech rates and 

concurrent working memory demands (respectively) largely predictive gaze behavior. However, 

real-life language processing is at normal speech rates and often situated in more demanding 

situations (i.e., not in a quiet controlled laboratory setting). Thus, if prediction is an inherent or 

ubiquitous aspect of language processing, one should expect to find evidence for prediction at 
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normal speech rates and in more demanding processing contexts. To this end, I ask two more 

specific research questions. 

• RQ1.1 Do L2 speakers need a “slow” speech rate to predict? 

• RQ1.2 Do L2 speakers show consistent evidence of prediction with increased demands 

across stages of prediction and different measurements of prediction? 

RQ2. Does increasing the cognitive demand of a prediction task reduce prediction? 

Whereas RQ1 is more broadly concerned with the ubiquity of prediction and if increases in demand 

eliminate prediction, RQ2 is more specifically concerned with distinct mechanisms enabling 

prediction and if they individually modulate predictive processing. Thus, the goal is to first 

establish if predictive language processing does indeed occur despite increased task demand (RQ1) 

and, if so, to determine if different types of demands lead to similar reductions in prediction 

(domain general effects) or if these demands may be more contextual. 

• RQ2.1: Does a concurrent visuospatial load reduce predictive gaze behavior? 

• RQ2.2: Does a concurrent visuospatial load reduce target pre-activation in the absence of 

a visual array? 

• RQ2.3: Are first and second stage predictions differentially affected by increased speech 

rate?  

CHAPTER 2. LITERATURE REVIEW 

2.1 Working Memory and Predictive Processing 

Working memory is a limited capacity, short-term system responsible for temporarily holding and 

manipulating relevant information (e.g., Baddeley, 2003). Working memory has been shown to be 



 

17 

an important aspect of both L1 (e.g., Daneman & Merikle, 1996) and L2 (e.g., Szmalec et al., 2012) 

language processing. Prediction, as a mechanism that serves to aid language comprehension, may 

be an explanatory factor for the involvement of working memory in language comprehension. As 

discussed by Ryskin et al. (2020), children, older adults, and L2 speakers are all groups that have 

both reduced working memory capacities and reduced evidence of prediction. Their reduced 

working memory capacity is one possible explanation as to why these groups show reduced 

predictive behavior. 

There are, however, multiple conflicting findings on the relationship between working memory 

and predictive processing. Until quite recently, most studies examining the relationship between 

working memory and prediction were correlational (for a summary of these correlational studies, 

see Table 1 at the end of this subsection). That is, studies had participants complete a task that 

measured prediction and complete at least one secondary task that assessed various measures 

associated with working memory capacity. Subgroups of participants were created based on these 

measures (e.g., “high” or “low” working memory participants), or a correlational analysis was 

performed between the prediction measure and the secondary task measure. The results from eye-

tracking studies are quite mixed and there seems to be no or quite limited results regarding working 

memory and spoken word processing in EEG. 

For example, a study by Huettig & Janse (2016) had 105 L1 Dutch participants aged 32-77 listen 

to syntactically predictable sentences. They then measured the participants performance in (among 

other, non- working memory related tasks) a nonword repetition task, a backwards digit span task, 

and a visuospatial working memory task (the Corsi block task) and constructed a “Working 

Memory” measure based on their performance in these three tasks. They found that the participants’ 

Working Memory score was significantly correlated with their predictive gaze behavior, with 
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higher working memory participants showing significantly more predictive looks to a target than 

lower working memory participants. They found a similar significant pattern with measures for 

processing speed, with participants with faster processing speed showing significantly more 

predictive gaze behavior.  

On the other hand, a very similar study was performed by Kukona et al. (2016). They had a group 

of 77 L1 English participants aged 16-24 listen to semantically predictable sentences. These 

participants completed an extensive battery consisting of 26 measures after the task, including 

working memory as measured by the reading span task and visuospatial working memory as 

measured by the Corsi block task. They found no relationship between either working memory 

measure and predictive gaze behavior and suggest that processing speed and word knowledge 

differences are two key mechanisms enabling predictions. 

More recent studies examining working memory and prediction continue the confusion. A large-

scale (N = 487, ages 9-90) study in Hungarian by Hintz et al. (2024) used a reaction time based 

visual world task and found little role for working memory as measured by the forward digit span 

and backwards digit span tasks. A Turkish children visual world study by Özkan et al. (2022) only 

found one specific type of working memory task, a sentence repetition task, to be correlated with 

prediction. Two visual world studies (Li & Qu, 2024; Angulo-Chavira et al., 2022) measured the 

performance in different working memory tasks and found evidence for a role of working in the 

onset of semantic predictions. Specifically, both studies found that higher working memory 

participants made semantic predictions (but not their phonological predictions) earlier than lower 

working participants, implying a role for working in the speed of semantic activation. Thus, the 

current visual world evidence paints a very unclear picture of the role of working memory in 

predictive processing. Given the large variety of age ranges and tasks measured in each experiment, 
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no two experiments are quite comparable. Even when multiple studies use the working memory 

measure (e.g., reading span), results are mixed. 

Most of the published studies investigating the links between working memory and prediction 

using EEG and the N400 seem to be reading studies (i.e., not spoken word comprehension). 

However, the elicitation of the N400 is, generally speaking, considered to be modality independent. 

That is, spoken language, written language, and signed language all elicit quite similar N400 

responses (e.g., Kutas et al., 1987). However, reading is its own complex skill that involves several 

steps that are not present in spoken word comprehension (e.g., letter and word recognition, 

phoneme to grapheme conversion). Furthermore, working memory abilities have been found to 

uniquely contribute to both foundational reading skills and reading comprehension (Peng et al., 

2018). Thus, specifically when looking at the role of working memory, we may not necessarily 

expect the same pattern of effects in the N400 between reading sentences and listening to sentences. 

That being said, at least three studies have used EEG to examine the effect of working memory on 

predictive processing while reading. Each of these studies separated their participants into high 

and low working memory groups based on their performance in the reading span task. Otten & 

Van Berkum (2009) and Ness & Meltzer-Asscher (2018) found similar results. Namely, they both 

found that the N400 response in both the high and low working memory capacity groups was 

similar and that differences only showed in a later, different neural response. Thus, both authors 

suggested that working memory does not influence the pre-activation of a word, but rather 

influences the brains response to this pre-activated word. However, a study by Ding et al. (2023) 

found a differential N400 response specifically to moderately predictable nouns, with moderately 

predictable nouns eliciting a smaller N400 (i.e., are more semantically pre-activated) in the higher 

working memory group than the lower working memory group. This suggests that higher working 
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memory participants either pre-activated more information or were more able to integrate a 

moderately predictable target than lower working memory participants.  

A summary of the previously mentioned studies can be seen in Table 1. Unfortunately, the studies 

varied in far too many other ways to accurately capture in a table. For example, these studies were 

conducted in Dutch, English, Hungarian, Chinese, and Spanish. Some looked at predictions 

enabled by syntax and others by semantics. Özkan et al. (2022) looked at children aged 4-8, Hintz 

et al. (2024) looked at people aged 9-90, and multiple studies looked at university aged groups. 

The main finding from these combined results seems to be that, when working memory plays a 

role in predictive processing, it is likely to be context dependent. For example, Hintz et al. (2024) 

used a visual array with only two items, which may have minimized the involvement of working 

memory. The findings from Ding et al. (2023) may suggest that working memory is more useful 

at moderate levels of predictability, as opposed to the highly predictable or unpredictable sentences 

that are normally looked at in prediction research. Thus, while there seems to be circumstances in 

which working memory can be linked to predictive processing, these circumstances remain unclear. 

The large variance between studies and their findings makes it difficult to draw meaningful 

conclusions. 
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Table 1. Summary of correlational findings between predictive processing and working memory. 

Study Methodology Working Memory 

Measures 

Significant 

Effects 

Huettig & Janse 2016 Visual World / Listening Nonword Repetition, 

Backwards Digit Span, 

Corsi Blocks 

Yes 

(combined) 

Kukona et al., 2016 Visual World / Listening Reading span,  

Corsi Blocks 

No 

No 

Özkan et al., 2022 Visual World / Listening Sentence Repetition, 

Forward Digit Span, 

Backward Digit Span 

Yes 

No 

No 

Hintz et al., 2024 Visual World / Listening Forward Digit Span, 

Backward Digit Span 

No 

No 

Li & Qu, 2024 Visual World / Listening Reading Span Yes 

Angulo-Chavira et al., 

2022 

Visual World / Listening Backwards Digit Span, 

Corsi Blocks 

Yes 

No 

Otten & Van Berkum, 

2009  

EEG / Reading Reading Span No 

Ness & Meltzer-Asscher, 

2018 

EEG / Reading Reading Span No 

Ding et al., 2023 EEG / Reading Reading Span Yes 

 

2.2 Direct Manipulations of Cognitive Demand in Spoken Language Prediction 

As outlined above, attempts to indirectly link working memory capacity or general working 

memory abilities to predictive processing have been, in the best case, inconclusive. Thus, the 

focus of the research has been on directly manipulating the cognitive demands of language 

processing during a prediction task. The research presented in this dissertation has focused on 

two manipulations: the effect of a concurrent visuospatial demand (as a domain general working 

memory manipulation) and the effect of speech rate. Ongoing research also looks at the effects of 

a concurrent phonological demand. The following sections will discuss each of these demands, 

including the previous findings related to these manipulations (insofar as there are previous 
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findings) and how these manipulations were used to address their role in predictive language 

processing. 

2.2.1 Directly limiting cognitive resources 

One of the earlier points of evidence for a possible involvement of visuospatial working memory 

in predictive processing comes from a study by Heyman et al. (2015). However, this study involved 

reading instead of spoken language processing. Their study looked at the effect of a visuospatial 

working memory task on semantic priming, which is most commonly explained as an effect that 

results due to automatic spreading activation (e.g., Collins & Loftus, 1975). This same process of 

automatic spreading activation is also assumed to play an important role in prediction (e.g., 

Kukona et al., 2011, Pickering & Gambi 2018). In the study by Heyman (2015), participants were 

first shown either a simple (low demand) or a complex (high demand) dot matrix that they had to 

remember. Then, they were presented with a sequence of a prime word (e.g., thunder), a blank 

screen, and a target word (e.g., lightning) or a nonword. When the target word appeared, 

participants had to judge whether this was an existing word or not. This sequence was presented 

five times and after the fifth time, a blank matrix appeared and participants had to reproduce the 

previously seen dot matrix. The prime and target could have three different types of relationships: 

a forward association, a backwards association, or a symmetrical association. Priming in forward 

associated word pairs is thought to be due to prospective processes (which they refer to as 

“expectancy generation”), backwards associations with retrospective matching processes, and 

symmetrical associations with both/either. Interestingly, they found that the priming effect for 

forward associations (and thus the prospective processes most similar to prediction) were not only 

reduced but completely eliminated with a high concurrent visuospatial working memory demand. 

The findings of this study suggest that at least some part of the process of activating a word, the 
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spread of activation of that word to a new word, and the resulting activation of that new word is 

resource dependent.   

Some tentative evidence for an effect of cognitive demand on predictive gaze behavior can be seen 

in a study by Liu et al. (2022). In their study, L1 Dutch participants saw a visual world array while 

either consecutively interpreting (listen, then interpret) or simultaneously interpreting (interpret 

while listening) Dutch sentences into English. An unintended finding of their study was that, 

during the more demanding task of simultaneously interpreting, 25% of their participants did not 

move their eyes at all. Since they did not move their eyes, there was no possibility of predictive 

gaze behavior. While it remains unclear if this manipulation affected prediction itself, the study 

offers evidence that cognitively demanding situations can affect gaze behavior and thus our ability 

to measure prediction using eye-tracking. 

The first study to directly and intentionally manipulate cognitive resource availability in a visual 

world eye-tracking task was by Ito et al. (2018). In their study, they reduced the availability of 

cognitive resources in a visual world task by having participants remember a list of five words 

before completing a visual world trial and recalling this list of words after the visual world trial. 

They found that when either L1 or L2 English participants had to remember the list of words, they 

showed significantly less predictive gaze behavior. They suggest that this is evidence that 

cognitive resources are required for predictive gaze behavior and that predictive gaze behavior is 

stronger when more resources are available. This finding has also been taken as evidence for a 

domain-general effect of increased cognitive demand leading to reduced predictive processing.  

The domain-general interpretations of this study were an important consideration for the usage of 

a visuospatial working memory task in the studies included in this dissertation. A verbal working 

memory task such as the one used by Ito et al. (2018) involves both the semantic network and the 
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language production system, two systems that are assumed to be major contributing mechanisms 

of predictive processing (e.g., Huettig, 2015; Pickering & Gambi, 2018). As previously mentioned, 

in the Corsi block tapping tasks, participants are shown an array of squares and are indicated to 

remember the order and location of some number of them. Using the Corsi block tapping task 

minimizes the involvement of both the semantic network and the language production system, as 

there are no specific words associated with the task and the task does not lend itself to verbal 

rehearsal strategies. Thus, disruptions due to a concurrent visuospatial working memory task 

would be much stronger evidence for a domain general involvement of working memory resources 

than evidence from a task that activates the specific mechanisms involved in predictive processing. 

Two of the three studies featured in this dissertation focus on the effects of a concurrent 

visuospatial working memory demand on predictive processing. Allison et al. (2025; Study 1) was 

the first study to establish that a concurrent visuospatial working memory task reduces predictive 

gaze behavior. The initial findings of this study were presented at a conference in 2023 and have 

since inspired multiple others to investigate this effect (Fernandez et al., 2025; Ito, 2025; Liu et al., 

2025; Nota et al., 2024; Wang et al., 2025). These studies (except for Liu et al., 2025 who used a 

dot matrix instead) used the same visuospatial working memory manipulation: a digitized version 

of the Corsi block tapping task. In this task, participants need to remember the order and location 

of a specified series of a subset of squares from a larger set (e.g., remember 4 from 9). The task 

demand increases as the number of squares to be remembered increases. The studies mentioned 

above have required participants to remember the order and location of between 2 and 5 squares 

to increase (visuospatial) working memory demand. 

The effect of a concurrent visuospatial working memory task on prediction was first established 

in the context of the visual world paradigm (Allison et al., 2025; Study 1). When L2 English 
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participants perform a concurrent visuospatial working memory task while completing a visual 

world trial, they exhibit significantly less predictive gaze behavior. This effect was replicated by 

Wang et al. (2025) and showed the same pattern, only this time with L1 English speakers. In both 

studies, participants could hear semantically predictable or unpredictable sentences in either trials 

with a concurrent visuospatial working memory demand or trials without. In the concurrent 

working memory demand trials, participants were first provided a series of squares to remember, 

then listened to a predictable or unpredictable sentence, then clicked the picture best matching the 

sentence, and finally clicked the squares in the order they were indicated at the beginning of the 

trial. Although both studies found the same pattern of results (i.e., participants showed significantly 

less predictive gaze behavior during the working memory blocks), these could be (and were) 

interpreted in two different ways: either as an effect specific to the coordination of auditory and 

visual input (i.e., an effect contingent on the visual array in the visual world paradigm; Allison et 

al., 2025) or as a domain-general reduction in available working memory resources leading to a 

reduction in predictive gaze behavior (Wang et al., 2025). The second study in this collection was 

designed to help address which of these two conflicting interpretations was more likely. 

As a recap, all of the current evidence is in agreement that concurrent working memory demands 

reduce predictive gaze behavior in visual world eye-tracking, with both visuospatial and 

phonological demands having been shown to reduce predictive gaze behavior. However, the 

interpretations of these effects differ: Allison et al. (2025, Study 1 here) suggests that the effects 

of visuospatial working memory are contingent on language/vision interactions, Ito et al. (2018) 

and Wang et al. (2025) suggest that the effects of both phonological and visuospatial working 

memory are domain-general effects of working memory reduction, and Liu et al. (2025) suggest 

that visuospatial working memory demands and phonological working memory demands affect 
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two distinct mechanisms (and are presumably not domain-general effects, although they do not 

explicitly mention these effects in this context). Thus, there are still open questions to be answered. 

Are reductions in predictive gaze behavior due to visuospatial and phonological working memory 

demands “the same?” In other words, is prediction dependent on cognitive resource availability 

and do these two manipulations reduce these resources? Are visuospatial and phonological 

working memory demands distinct and thus affecting predictive gaze behavior through different 

mechanisms? Are these disruptions in the activation of a target word or features or rather 

disruptions in gaze behavior? 

2.2.2 Speech rate 

I’ve heard speech rate described as the “dirty secret” of prediction research. For much of the 

research using the visual world paradigm, the default speech rate is one that most typical 

listeners would consider abnormally, or at the very least noticeably, slow. As noted by Ito & 

Knoeferle (2022), it is “common to use a relatively slow speech rate” and, as noted by Huettig & 

Guerra (2019), “experimenters tend to present well-articulated and fairly slow speech rates to 

participants.” Slow speech rate presentations have been the default for predictive language 

processing, with the idea that people have more time to predict if the sentences are slower. In 

fact, this type of presentation is such a default that, until recently, speech rate was essentially an 

afterthought.  

For example, Fernandez et al., (2020) reviewed 45 visual world studies published in high-impact 

psycholinguistic journals between the years 2008 and 2018. Of these 45 studies, only three 

studies actually reported their speech rates, with rates of 1.3, 2.6 and 3.1 syllables per second. 

Even the fastest of these reported rates is relatively slow. For context on speed, Wang (2021) 

analyzed 77 hours and 58 minutes of news monologues, interviews, conversations, and academic 
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lectures in the UK and found an average speech rate of 4.4 syllables per second. Given the 

sources from these recordings (especially news monologues and academic lectures), it’s not 

unimaginable that many of these utterances are also perhaps on the slower, more annunciated 

end of normal speech.  

Of the remaining 42 studies, 10 reported a “normal” speech rate. Though, as also noted by 

Fernandez et al. (2020), the definition of what normal is vague, and they report estimates for 

“normal” speech rates as low as 2.50 and as high as 8.0 syllables per second in the literature. 

Indeed, following a chain of citations in some recent papers leads to something like Fónagy & 

Magdics (1960) who report an average Hungarian speech rate of 11.35 sounds per second. This 

was then interpreted by Wilshire (1999) as being between 2.5 and 4.56 syllables per second, and 

this interpretation has been cited multiple times. Alternatively, some citations led back to a study 

by Moos and Trouvain (2007), which simply stated that normal rates are between 3 and 5 

syllables per second with no further citation or empirical data. One of the most cited studies on 

speech rate is from Tauroza & Allison (1990), who analyzed British English conversations, 

academic lectures, interviews, and radio monologues and found an average speech rate of 240 

syllables per minute (or roughly 4 syllables per second). The aforementioned study by Wang 

(2021) was designed as a replication of this and found a slightly faster speech rate today (265 

syllables per minute / roughly 4.4 syllables per second).   

The remaining 32 studies surveyed by Fernandez et al. (2020) reported nothing at all about 

speech rate. However, it seems that speech rate is relatively understudied as a whole and not just 

taken for granted in the context of visual world eye-tracking research. Given how influential 

information processing theories are on today’s models and ideas of the brain and cognition, this 

lack of speech rate research seems particularly surprising. Saying the same words more or less 
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quickly alters the information density of the statement; more words in less time means that more 

information per unit of time is being conveyed. Furthermore, research by Jaeger & Levy (2006) 

and Jaeger (2010) has shown that speakers are implicitly sensitive to information density and that 

information density can predict the likelihood of speakers producing certain structures. 

The existing research on the effect of speech rate on predictive processing seems to be largely 

limited to the studies by Huettig & Guerra (2019) and Fernandez et al. (2020), both of which 

found important roles for speech rate. The study by Huettig & Guerra (2019) manipulated speech 

rates in Dutch sentences but did not report the actual speed of their items in syllables per second. 

However, they reported an example sentence “Kijk naar de afgebeelde fiets” and the mean 

utterance duration of their normal speed sentences (1815.58 ms), which comes out to around 4.4 

syllables per second (quite well in line with what the literature on English speech rates reports as 

normal). The same sentence was also recorded in a slow condition, which they report had a mean 

utterance duration of 4170.05 ms and would thus correspond to approximately 1.9 syllables per 

second. In their experiment 1, they found that L1 Dutch participants predicted as early as 

possible in both speech rate conditions when given a four second preview of the visual display. 

With only a one second preview of the visual display (in their experiment 2), they found 

evidence for prediction only in the slow speech rate condition. Finally, in their experiment 3, 

they showed that if participants are explicitly asked to predict, that there are small prediction 

effects in the normal speech condition. Thus, L1 Dutch participants were less able to use gender 

as a predictive cue at fast speech rates when there was little time to preview a visual array, even 

if they were explicitly asked to predict.  

The study by Fernandez et al. (2020) looked at the effect of speech rates of 3.5, 4.5, 5.5, and 6.0 

syllables per second on younger (18-24) and older (40-75) adults (Experiment 1) and in L1 and 
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L2 speakers (Experiment 2). Critically, they found that different groups have different optimal 

speech rates for prediction. Specifically, they suggest that younger L1 speakers have a faster 

optimal speech rate (5.5 syllables per second) than older L1 speakers (4.5 syllables per second) 

or L2 younger L2 speakers (also 4.5 syllables per second). Furthermore, they found weaker 

predictive behavior for the younger L1 English group in the 3.5 syllables per second condition. 

Thus, much of the research on prediction has used auditory stimuli with slow speech rates which 

may not be representative of true predictive behavior. Given the findings of how our brains are 

attuned to the regularities of the world, it is not particularly surprising that our brains may be 

most attuned to the speech rate which we are most commonly exposed to. 

Taken together, the current evidence is that speech rate is an underreported aspect of predictive 

language processing that differentially affects language users. Thus, one of the major goals of 

this research is to establish the necessity of these abnormally slow speech rates that are often 

used in prediction research. The research presented here addresses the question of if L2 speakers 

show robust predictive language processing at normal speech rates. I address this in three 

specific questions: (Experiment 1) Do L2 speakers show robust predictive gaze behavior at 

normal speech rates, (Experiment 2) Do L2 speakers show robust pre-activation of target words 

as evidenced by the N400 at normal speech rates, and (Experiment 3) Do L2 speakers show 

robust predictive gaze behavior at multiple stages of prediction at a range of speech rates. 
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CHAPTER 4. DISCUSSION 

The goal of this body of work was to examine the effects of increasing cognitive demand on spoken 

language predictive processing. Testing the limits of predictive processing can help to inform the 

theory behind the biological architecture and cognitive mechanisms of prediction. The papers 

included in this dissertation focused on addressing two existing gaps in the literature: (1) the direct 

manipulation of cognitive demand during a prediction task as opposed to correlating performance 

on a prediction task and a secondary task and (2) the role of speech rate, which is often 

un(der)reported and atypically slow. The studies presented here address the following research 

questions, each of which will be discussed in turn.   

RQ1. Do L2 speakers predict despite a variety of challenging situations? 

• RQ1.1 Do L2 speakers need a “slow” speech rate to predict? 

• RQ1.2 Do L2 speakers show consistent evidence of prediction with increased demands 

across stages of prediction and different measurements of prediction? 

RQ2. Does increasing the cognitive demand of a prediction task reduce prediction? 

• RQ2.1: Does a concurrent visuospatial load reduce predictive gaze behavior? 

• RQ2.2: Does a concurrent visuospatial load reduce target pre-activation in the absence of 

a visual array? 

• RQ2.3: Are first and second stage predictions differentially affected by increased speech 

rate?  

Research Question 1 
 

 RQ1. Do L2 speakers predict despite a variety of challenging situations? 
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• RQ1.1 Do L2 speakers need a “slow” speech rate to predict? 

• RQ1.2 Do L2 speakers show consistent evidence of prediction with increased demands 

across stages of prediction and different measurements of prediction? 

The broad answer to RQ1 is resoundingly “yes.” Across all three studies, which comprised two 

different measurement methodologies, concurrent visuospatial working memory demands, L2 

language processing, and normal or fast speech rates, participants showed strong evidence of 

predictive processing. Such robust findings of predictive processing, in my opinion, suggest a 

rather ubiquitous role of prediction in spoken language processing. Some theoretical frameworks 

for prediction suggest that prediction is an obligatory aspect of processing (e.g., Dell & Chang, 

2014), while some frameworks suggest that at least some aspects of prediction are optional (e.g., 

Huettig & Mani, 2016; Pickering & Gambi, 2018). One limitation of this interpretation was the 

use of highly predictable stimuli across the included studies. That is, the predictable sentences 

were quite predictable and such predictable sentences are relatively uncommon in naturalistic 

language processing. Thus, predictions could theoretically only be ubiquitous when the sentences 

are highly constraining. However, given the evidence that there is no particular cost associated 

with generating a prediction that is not satisfied (e.g., Fernandez et al., 2025, Frisson et al., 2017), 

it seems likely that at least feature based semantic pre-activation is a pervasive aspect of spoken 

language processing.   

Regarding RQ1.1 (Do L2 speakers need a “slow” speech rate to predict?), the answer is quite 

clearly “no.” In fact, these results suggest that slower speech rates might even be a hinderance (and 

especially so for L1 speakers). Study 3 found that L2 speakers had, for at least one stage of 

prediction, an optimal speech rate nearing 4.5 syllables per second. As mentioned in section 2.2.2, 

this is nearly double the speed of many commonly reported speech rates (if they are at all reported). 
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Across all three studies, L2 participants showed robust predictions at normal speech rates. 

Intuitively, given the theoretical framework of the predictive brain, this makes sense. If language 

exposure is the basis upon which our statistical regularities are formed and thus the basis for 

predictions, then it makes sense that predictions are optimal at the most commonly encountered 

speech rate: normal. Changing the speech rate, especially to one that sounds abnormally slow, 

changes the context of language processing and may thus influence predictive behavior. On the 

other hand, increasing the speech rate, especially above certain thresholds, increases extra demands 

on predictive processing. In faster speech conditions, participants are limited in both processing 

(there is simply less time) and working memory (there is more information per unit of time) and 

both of these factors can play important roles in predictive processing. 

Regarding RQ1.2 (Do L2 speakers show consistent evidence of prediction with increased demands 

across stages of prediction and different measurements of prediction?) the answer is also “yes.” 

While several manipulations reduced predictive behavior (a concurrent visuospatial working 

memory demand in Study 1, faster speech rates in study 3), none of these manipulations eliminated 

predictions. This finding was consistent across methodologies (eye-tracking and EEG) and across 

stages of prediction (stage 1 and stage 2).  

While previous research has shown that L2 speakers can reliably use semantic information as a 

predictive cue (e.g., Chambers & Cooke, 2009; Hopp 2015), this has only been examined with a 

concurrent demand in one previous study (Ito et al., 2018). Furthermore, the manipulation used in 

the Ito et al. (2018) study nearly eliminated L2 gaze behavior, with significant evidence for 

prediction only occurring after target word onset. Thus, these are the first studies to show strong 

evidence that L2 speakers can predict with extra demands. 
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Similarly, these studies provide some of the first evidence for prediction despite normal speech 

rates. One of the few studies to manipulate speech rate was by Huettig & Guerra (2019) and they 

found that, with 1 second previews of the visual array in a visual world eye-tracking study, L1 

participants did not show evidence of predictive gaze behavior. Instead, participants only showed 

evidence for prediction with explicit instruction (i.e., being told to predict the target of the sentence) 

or with a long preview time (4 seconds). Each of the studies here used a 2 second preview time for 

the visual array and each showed evidence for L2 predictive gaze behavior at normal speech rates. 

Taken together, these studies show that semantically guided predictive gaze behavior is robust 

despite a variety of additional demands, including L2 processing, concurrent visuospatial working 

memory demands, and normal speech rates. Whereas previous research (Huettig & Guerra, 2019; 

Ito et al., 2018) suggests that normal speech rate and concurrent working memory demands more 

or less eliminate predictive (gaze) behavior, these studies show that prediction is in fact possible. 

Thus, it is important to keep in mind the complexity of prediction; there are multiple mechanisms 

involved, multiple pathways to prediction, and multiple interactions between them. Disruptions in 

prediction could happen at any number of these levels. It is further important to consider the 

limitations of gaze behavior as a dependent variable or the effect of concurrent language/vision 

interactions. The combined results of Study 1 and 2 suggest that some effects may be contingent 

on either the measurement of gaze behavior or the combination of language and vision.   

Research Question 2 

RQ2. Does increasing the cognitive demand of a prediction task reduce prediction? 

• RQ2.1: Does a concurrent visuospatial load reduce predictive gaze behavior? 
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• RQ2.2: Does a concurrent visuospatial load reduce target pre-activation in the absence of 

a visual array? 

• RQ2.3: Are first and second stage predictions differentially affected by increased speech 

rate?  

The broad answer to RQ2 (Does increasing the cognitive demand of a prediction task reduce 

prediction?) is more “it depends.” The relationship between cognitive demand and prediction 

seems to depend both on the cognitively demanding task and on the type of prediction. Again, this 

highlights the complexity of prediction and the fact that multiple interacting mechanisms are 

involved. 

Regarding RQ2.1 (Does a concurrent visuospatial load reduce predictive gaze behavior?), the 

answer is “yes.” Performing a visual world prediction task with a concurrent visuospatial working 

memory demand does reduce predictive gaze behavior. This can (and has, see Wang et al., 2025) 

been interpreted as an influence of domain general working memory on prediction and thus as 

evidence for the involvement of domain general mechanisms in predictive language processing.  

However, this finding is also interpretable as a specific interference unique to language-vision 

interactions (like in the VWP). In this case, the reduction in predictive gaze behavior may instead 

be due to disruptions in gaze behavior and not necessarily in prediction. For example, the current 

arbitrary location of an object in a visual array is temporarily encoded and may be linked with the 

preexisting representational object knowledge that is activated by currently incoming auditory 

input. Thus, increases in visuospatial working memory may disrupt this short-term nexus of 

information formed between the visuospatial index of an object and the currently activated stored 

representational knowledge (see Huettig, Olivers, et al. 2011). 
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The two possible interpretations of this finding was the main motivation of study 2 of this 

dissertation. Study 2 is essentially a replication of study 1 without a concurrent visual array. By 

presenting similar participants with the same stimuli as used in study 1 and by measuring a neural 

response instead of tracking gaze behavior, we were able to observe evidence for prediction free 

from the confound of extra visual information. 

RQ2.2 (Does a concurrent visuospatial load reduce target pre-activation in the absence of a visual 

array?) was aimed at providing direction towards the effect of visuospatial working memory being 

domain-general or contingent on language/vision interactions. The answer to this question was 

“no.” While we did find evidence that L2 speakers pre-activate semantic features of a target word, 

this effect was not modulated by a concurrent visuospatial working memory task. We found 

evidence against the involvement of the visuospatial working memory task. That is, participants 

equally pre-activated the semantic features of a predictable target word both with and without a 

concurrent visuospatial working memory demand. This finding suggests that the pre-activation of 

a target word or features is resilient to the effects of a concurrent visuospatial working memory 

task.  

Crucially, this finding has strong implications for study 1, which found that a concurrent 

visuospatial working memory task did reduce predictive gaze behavior. These combined findings 

suggest that the effects of visuospatial working memory on prediction are limited to language-

vision contexts. Some previous evidence from Liu et al. (2022) has already shown that a 

considerable number of participants (25%) performing a challenging task during a visual world 

trial (in this case, simultaneous interpreting) showed no gaze behavior towards any displayed items 

in a visual world trial. The authors question whether this subset of participants who did not move 

their eyes also did not predict. I suggest, given the findings here, that semantic pre-activation of 
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the target word is likely still occurring even if the eyes do not move. Increased working memory 

demands may interfere with the linking between pre-activated representational knowledge with 

the current arbitrary location of the object which leads to a lack of guidance for eye movements. 

Regarding RQ2.3 (Are first- and second- stage predictions differentially affected by increased 

speech rate?) the answer is “yes.” For first stage predictions (i.e., for predictions that could be 

driven purely by spreading activation/associative mechanisms), L1 and L2 speakers showed strong 

and similar predictive gaze behavior patterns from 2.5 to 4.0 syllables per second. In this speech 

rate, predictive looks increased as speech rate increased, again indicating that atypically slow 

speech rates may lead to unrepresentative eye movements. Above 4.0 syllables per second, L2 

speakers still showed predictive behavior, but it was slightly delayed in comparison to L1 speakers. 

For second stage predictions (i.e., a prediction that required the combination of the properties of 

both the agent and the verb), L1 speakers continued to show a similar pattern of increasing 

predictive looks as speech rate increased, up to around 4.6 syllables per second. L2 speakers, 

however, showed no clear pattern or an optimal speech rate. Thus, while they still showed evidence 

of second stage predictions, increased speech rate was uniquely disruptive to this more complex, 

demanding stage of prediction.  

Overall, the answers to RQ2 show that predictions that can be driven mostly by spreading 

activation are resilient to concurrent visuospatial working memory demands and to increased 

speech rates in non-native language processing. However, predictions are driven by multiple 

mechanisms. Over these three studies, I have provided evidence for three possible mechanisms 

involved in providing evidence for predictive language processing: (1) a mechanism that may be 

driven primarily by spreading activation that is resilient to a concurrent visuospatial working 

memory and increases in speech rate, (2) a mechanism required for language-vision interactions 
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that is specifically affected by increased visuospatial working memory demand, and (3) a 

combinatory mechanism that is specifically affected by increased speech rate. It is also possible 

that (2) and (3) are both a single combinatory mechanism and that combining language/vision 

representations and combining multiple semantic feature representations are mechanistically 

similar. If further research shows that these two are impacted by similar limitations, that would 

provide evidence that there may be a single mechanism responsible for combining multiple streams 

of information and for combining multiple active representations. 

Implications 

The studies presented in this dissertation have several important implications for predictive 

language processing.  

Methodologically, these studies show that speech rates used in the presentation of auditory stimuli 

need to be considered more carefully. Not only are L2 English speakers capable of semantic 

prediction at normal speech rates (Study 1, Study 2), but too slow of speech rates actually lead to 

lower and less representative predictive gaze behaviors (Study 3). Studies on L2 semantic 

prediction are still presenting participants with slow speech rates (e.g., Ito et al., 2025) and findings 

from such studies may be less generalizable or less comparable to studies with normal speech rates. 

If we as a field wish to make claims that prediction is a ubiquitous aspect of language processing, 

efforts should be made to show the effects in increasingly more normal or naturalistic language 

processing scenarios. 

The findings of studies 1 and 2 also show some of the methodological limitations of the visual 

world paradigm and the strength of comparing similar stimuli across methodologies. Specifically, 

the VWP requires eye movements as evidence for prediction and either eye-movements may be 
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disrupted or the formation of the prediction may be disrupted. Either disruption leads to a similar 

pattern of gaze behavior that can be difficult to disentangle. In study 2 (EEG/N400), we found that 

the same stimuli used in study 1 were equally predictable with or without a concurrent visuospatial 

working memory task. This suggests that, in study 1 (eye-tracking), at least the same set of features 

were pre-activated (and possibly even more strongly, given that representations may also be 

activated by seeing the visual array). By examining prediction in the same stimuli during both an 

eye-tracking and an EEG study, we can see that gaze behavior is being driven by more than just 

the extent to which a word is pre-activated; there must be a specific mechanism beyond the 

semantic pre-activation of a word (as evidenced by the N400) that is affected by visuospatial 

working memory. Linking hypotheses for connecting VWP measures to theoretical and 

neurobiological models of language processing (see e.g. Magnuson, 2019) must consider the 

nature of this extra mechanism and further research could uncover more of the nature of this 

mechanism. While I have previously discussed that this mechanism may be one that temporarily 

stores a link between the current arbitrary location of a word with its active mental representations, 

this is not the only possibility.  For example, mental model theories of language processing (e.g., 

Altmann & Ekves, 2019) suggest that an event representation is encoded with an inherent aspect 

of space (“spatial relations between protagonists, and between events in the situation model”). 

Increases in visuospatial working memory could thus interfere with the mental representation of 

“space” that is used to guide prediction. It could also be the case that, due to the nature of the Corsi 

block task used in this study, participants simply run into a visuospatial working memory limitation. 

In VWP experiments, participants inherently activate some spatially indexed visuo-semantic 

features of the objects in a display (e.g., Apfelbaum et al., 2021). These four spatially indexed 

objects plus the four squares they were tasked to remember in the Corsi task leads to participants 
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potentially encoding (or attempting to encode) the location of 8 objects, which participants may 

not be able to reliably do (e.g., Miller, 1956). Further elucidation of exactly what mechanism a 

concurrent visuospatial working memory demand affects can meaningfully inform theories of 

predictive language processing. 

Conclusion 

The three studies presented in this dissertation are among the few to directly test the effects of 

increased demand on predictive language processing. These studies provide evidence that semantic 

predictions are robust even with the concurrent demands of L2 processing, normal speech rates, 

and concurrent visuospatial demands. While a concurrent visuospatial working memory demand 

or faster speech rates may disrupt semantic predictions, these effects seemingly only occur during 

more complex, combinatory processes such as language/vision interaction or the narrowing down 

of multiple active representations. Further research could usefully address the exact nature of the 

combinatory mechanism(s) involved in predictive language processing. 
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