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Using EEG Signals To Examine Next-Word

Predictability of Language Models in Reading

Boi Mai Quach

Abstract

Language Models (LMs) are primarily developed to address di�erent natural

language processing (NLP) tasks, and are not intended to re�ect human reading

comprehension processing. However, since these models are trained with the same

written materials that humans also process in reading, they should share many of

the same abilities in the reading comprehension processes as a human, particularly

in next-word predictability. Comparing the accuracy of di�erent types of LMs and

humans in the next-word prediction task demonstrates their predictive capabilities

but falls short of con�rming whether LMs and the human brain process reading in

a similar manner. To address this, the thesis used electroencephalography (EEG)

signals to examine next-word predictability of di�erent LMs during reading.

The main contributions of this thesis are as follows. First, we present a compre-

hensive resource for guiding EEG-based reading experiments, introduce a tailored

preprocessing pipeline, and provide DERCo (Dublin EEG-based Reading Experi-

ment Corpus), an openly accessible dataset combining EEG and next-word predic-

tion data. Second, we use DERCo to analyse how the brain responds to various word

categories (e.g., content words, function words, and grammatical classes), shedding

light on the interaction between top-down and bottom-up processing during reading.

We demonstrate an improved decoding methodology that strengthens our analyti-

cal capabilities. Additionally, we highlight the e�ectiveness of a decoding approach

that enhances analytical power compared to the traditional event-related potentials

(ERPs) in EEG data analysis. Lastly, leveraging surprisal, an information-theoretic

metric, alongside accuracy, we build brain encoding models for di�erent LMs and

human prediction production to capture neural responses at the word level. Our
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evaluation reveals that while more advanced language models exhibit closer align-

ment with human prediction patterns, they fail to fully re�ect the human-like reading

processes observed in brain signals.
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Chapter 1

Introduction

In the opening chapter of this dissertation, we provide an introduction to the �eld of

cognitive plausibility and computational language models' ability in reading process-

ing and explain the rationale behind pursuing this area of research. Furthermore,

we state the research questions to be addressed in the scope of this thesis and then

highlight the contributions and impact of the presented work.

1.1 Do Machines and Humans Behave in Similar

Ways During Reading?

Humans invented reading and have passed down this complex skill across generations

through language. Gough and Tunmer [1], and Hoover and Gough [2], pointed out

one of the �rst theories of reading, also known as the Simple View of Reading. This

theory indicates that both the ability to decode words and comprehend language

are required to master reading comprehension.

When reading a word without prior context, the brain engages in what is known

as a �bottom-up� process, beginning with letters and later accessing higher-level

linguistic structures (lexical word groups, grammatical categories). As readers focus

on these linguistic units, they begin to predict next words that these units form.

Once the words are recognised, they are translated into inner speech, from which the
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reader extracts meaning. In this process, reading comprehension is often considered

an automatic outcome of accurate word recognition [3, 4].

Top-down processing is the opposite approach. This standpoint holds that word

comprehension occurs in a text, which can guide us to the correct meaning before

the word is fully revealed. For example, we can infer that the statement �I drink

my co�ee with cream and ...� is likely to end with �sugar.� Humans rapidly use

top-down cues to disambiguate and predict upcoming words [5�7]. Simultaneously,

the bottom-up process in this context also indicates that the upcoming word is more

likely to be a noun, given the syntactic structure. It is noteworthy that word identi-

�cation (related to bottom-up processing) and comprehension components (related

to top-down processing) work together and can substantially a�ect reading compre-

hension [8, 9].

These two processes develop day by day during an individual's life via learning

and experiences. This suggests similarities to the process of building a language

model, which is trained on billions of sentences drawn from diverse online sources,

including Wikipedia, books, news, articles, and more. Importantly, next-word pre-

diction is also the primary task used in training these LMs [10�12].

Traditional computational LMs were developed to determine the probability of a

given word in a sentence [13]. They predict the most likely next token in a sequence

by utilising the preceding context from the training data. The language modelling

objective can be optimised using neural language models [14, 15]. By signi�cantly

increasing the size of the training corpus and using additional training objective

beyond contextual word prediction [16, 17], pre-trained neural language models have

rapidly become the best-performing standard for many natural language processing

tasks [18]. The recent growth of large language models (LLMs), such as Generative

Pre-trained Transformer (GPT) models, has been showing some promise that LMs

can mimic the human brain in reading because they attempt to learn language,

capture abstract concepts, and a�ord a remarkable diversity of uses [19].

Although the mechanism to learn reading in the human brain and LMs may
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sound similar, LMs do not completely behave like people [19, 20]. For example,

given the sequence of words, �Once upon a . . . �, the human brain can instinctively

associate it with a fairy tale, imagine a king or queen, predict the next word as �time,�

and evaluate whether or not the upcoming word is suitable with the previous context.

However, in this case, LMs are trained speci�cally to predict the next word, such as

�time,� but they are not designed to understand long-term narrative structures or

truly perceive the scenario [21].

Modern language models, particular LLMs are trained on billions of sentences

which far exceeds the average number of sentences a single individual is likely to

acquire over their lifetime. Humans, however, understand and generate language

with prodigious speed and accuracy. In addition, they can handle ambiguity and

artifacts with ease, and are highly adaptable to new domains and inputs.

Hence, there are still many open research questions to be considered at the

intersection of interpretability of LMs and cognitive science. Within the scope of

this thesis, we aim to leverage decoding and encoding models to investigate the

next-word predictability of various LMs and humans. Our goal is to evaluate which

LMs most closely re�ect human cognitive processes in reading by comparing their

performance in predicting EEG signals. In the following section, we present the

three main research questions to be explored in this thesis.

1.2 Motivation

Although the �eld of Arti�cial Intelligence (AI) has made impressive strides in re-

cent years, LMs still struggle to illustrate an adequate neurally-mechanistic picture

of human language processing. However, several existing studies have suggested

that the brain is systematically organised in a hierarchy similar to language models

[22�26]. Next-word predictability is one of the main factors of the human language

processing mechanism, which importantly supports a language model to be cogni-

tively plausible [27]. Meanwhile, previous studies on the cognitive neuroscience of

language have tried to explore the connection between the changes in our brain and
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manipulations of linguistic representations [28�30]. Still, however, a gold standard

theory of how the brain processes language has not been completely agreed upon by

researchers [31�33].

Furthermore, the availability of publicly accessible datasets using neural activity

data for semantic-level information in reading is limited, which poses a challenge

to further discoveries in the �eld. Designing and conducting reading experiments

wherein neural responses are captured is painstaking due to the complexity and

time-consuming nature of deploying EEG experiments successfully. These reasons

drove us to build and publish the DERCo (Dublin EEG-based Reading Experiment

Corpus), which is a language resource combining electroencephalography (EEG) and

next-word prediction data obtained from participants reading narrative texts.

The main goal of this work is to leverage brain activity signals from human

language processing during reading to unfold next-word predictability. More specif-

ically, we apply emerging brain decoding and encoding approaches to add evidence

about the nature of language processing in human brain and LMs during reading

comprehension. Because of the similarity between human reading behaviour and

language models, we rely on it to evaluate how well humans and di�erent type of

language model predict the upcoming words, and then indicate the potential to fur-

ther align LMs with human cognitive processes. In order to chronologically address

these aspects, we begin with the following hypothesis.

Hypothesis Since language models are trained with the same written materials

that humans also process in reading, they should share many of the same abilities in

the reading comprehension processes as a human, particularly in next-word prediction

ability.

To e�ectively investigate this hypothesis, the following three research questions

have been de�ned as a guiding framework of concrete, feasible, and testable mile-

stones for the projects completed in this dissertation.

Research Question 1 (RQ1). How do we design a standard framework

for EEG-based reading experiment?
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In order to simulate reading scenarios, for those researchers who do not have

experience in designing experiments in this �eld, they are frequently overwhelmed

because the variety of experimental options are numerous and disorienting. They can

struggle to select an appropriate experimental paradigm, determine a suitable sam-

ple size, or choose the correct preprocessing techniques for their signals. Therefore,

we contribute guidelines for designing EEG-based reading experiments, summarising

and analysing several data preparation techniques.

Prompted by challenges that many data troves in neuroscience are not readily

available and are often developed under strict experimental conditions such as com-

pliance with the European Union's General Data Protection Regulation (GDPR),

we build an EEG-based reading dataset speci�cally tailored to investigate the rela-

tionship between next-word predictability in language models and neural responses

in the human brain. We end with (1) an openly available dataset, (2) a standardised

EEG preprocessing pipeline for EEG-based reading datasets, and (3) a combination

of annotation data with the EEG-based reading data for next-word predictions.

Beyond addressing this research question, we ultimately hope that this will en-

able other researchers to run more EEG-based reading experiments. The DERCo

dataset is a useful resource for researchers and practitioners to evaluate and reuse

within a wide range of neuroscience and AI �elds.

Research Question 2 (RQ2). Are neural responses to upcoming words

attributable to quantitative di�erences in lexical categories (content ver-

sus function words) and grammatical categories (e.g., nouns, verbs, ad-

jectives, pronouns, etc.)?

This research question has previously been examined using traditional ERP ap-

proaches [34�36], but no consensus has been reached. Due to the rise of Machine

Learning (ML) techniques, we currently use ML-based classi�er to decode EEG

signals, providing further support for past �ndings.

In this study, we utilise an EEG-based decoding technique alongside the tradi-

tional ERP method to test two competing hypotheses. The �rst states that whether
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di�erences in word class account for the neural response variations observed at di�er-

ent predictability levels. The second hypothesis examines whether the recognition

of grammatical categories, initially generated by bottom-up processes, in�uences

top-down processing.

To understand the contribution of top-down and bottom-up processes during

reading comprehension, we used the DERCo dataset, and modelled neural responses

as a function of word class and lexical categories. Furthermore, by using the EEG-

based classi�cation approach, we aim to determine whether the decoding-based

method enhances e�ect sizes and statistical power in detecting brain activity dif-

ferences between conditions during reading, compared to traditional ERP analysis

methods.

Research Question 3 (RQ3). Which type of language model most

closely aligns with human next-word predictability during reading com-

prehension?

The training objective of LMs is similar to a psycholinguistic benchmark known

as the cloze task [37], which measures a word's predictability within a given context.

However, LMs lack the rich set of experiences that people possess, and humans can

demonstrate a high degree of creativity. While LMs are trained to predict the next

word, they are not trained to anticipate long-term scenarios. Therefore, although an

LM may achieve high accuracy in next-word prediction, it remains unclear whether

this high accuracy indicates that the LM behaves similarly to a human in reading

processing.

Leveraging information-theoretic surprisal [13], along with neural responses dur-

ing the reading process, we aim to address the research question by investigating

next-word predictability more comprehensively. Surprisal is high when the current

word is unexpected given the preceding context. In other words, surprisal re�ects a

backward-looking cognitive process.

To assess human parity in these models' training objectives, we �rst compare the

top-1 prediction measures of three language model families, namely n-grams, GPT-
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2 [11], and GPT-Neo [38] to those of human participants in the DERCo dataset

[39]. Next, we estimate surprisal for the distribution of next-word probabilities

using these models. Finally, we build two regressors (also known as brain encoding

models), each corresponding to a metric modelling the ERPs elicited by words for

di�erent language models and human predictions. The quality of these predictions

is then evaluated using the Pearson correlation between the predicted and observed

ERPs.

In this chapter, we aim to investigate which LMs exhibit a closer correspondence

to human productions through their next-word prediction abilities, particularly in

content words. However, this correspondence is not re�ected by prediction perfor-

mance but rather by the way these models correlates with neural response during

reading, through the lens of information theory. Moreover, our results also indi-

cated that larger models are not always better at modelling ERPs or capturing

neural patterns during reading comprehension.

1.3 Contributions

First, we provide a valuable resource to instruct researchers in conducting EEG-

based reading experiments, with detailed explanations and analyses. In addition,

we propose an e�ective EEG preprocessing pipeline for word-level EEG recordings in

a narrative context. Furthermore, we leverage our procedure to collect the DERCo

dataset as a practical application. Consequently, the DERCo dataset is our outcome

of this practical case which is a language resource combining electroencephalography

(EEG) and next-word prediction data obtained from participants reading narrative

texts. Additionally, DERCo is currently available to the research community and is

speci�cally designed to address our research questions.

Next, we leverage the DERCo dataset to investigate the di�erential brain re-

sponses elicited by various lexical and grammatical categories under human next-

word prediction behaviour in reading. As a result, we provide evidence for the

interaction between top-down and bottom-up processes in human reading compre-
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hension. Moreover, we also show the e�ectiveness of the decoding-based approach

used for classifying lexical classes and grammatical categories from EEG signals in

increasing e�ect sizes and statistical power for the analysis compared to traditional

approaches. The decoding technique has been published as open source, allowing

researchers and practitioners to evaluate and reuse it with a wide range of cognitive

data sources.

Finally, we examine which kinds of language models can achieve human-like

next-word predictability using information measures such as top-1 prediction and

surprisal. We use various types of language models, from statistical models such

as n-grams to transformer-based unidirectional LMs like GPT-2 families and GPT-

Neo families, which enhances the validity of this line of research. Our �ndings

suggest that more sophisticated models better replicate human prediction patterns.

Consequently, the development of increasingly advanced and application-oriented

language models does not necessarily ensure proportional improvements in their

cognitive or linguistic alignment with human.

1.4 Impact

Figure 1.1: Word cloud of keywords presented in this dissertation.
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The word cloud in Figure 1.1 summaries the key terms in this thesis. According

to all important key words, we can discern the main objective of this line of re-

search. Applying EEG signals to investigate the reading behaviours and understand

the reading processing in di�erent generations of LMs is my Ph.D. study mission.

While state-of-the-art LMs exhibit impressive capabilities, questions remain about

whether they can truly replicate human reading behaviours or they are just pre-

dictive machines. The ultimate goal is to push the boundaries of LMs by bridging

the gap between LMs and human through deepening our understanding of how the

human brain processes reading and the correlations between their next-word pre-

dictability.

The impact of this work is twofold. First, the foundational research conducted

bene�ts multiple disciplines such as AI, neuroscience, and linguistics. It will improve

our understanding of human reading behaviours under the information theory and

cognitive aspects. This will provide insights into how we can improve computational

language models to achieve similar human capabilities. Second, we believe that de-

veloping interpretable human-like language models for reading processing will bring

great advances to the �eld of NLP. The insights gained into the cognitive domain

of language can be leveraged to build human-like language models that generalise

better and are more easily interpretable and cognitively plausible. In a broader

context, this research lays the groundwork for future breakthroughs in the �eld of

neuroscience and for making language models more e�cient and intuitive.

1.5 Thesis Organisation

This dissertation is organised as follows. Chapter 2 provides a comprehensive

overview of our research, structured as a narrative that covers essential content-

related backgrounds. This storytelling approach helps readers grasp both the study's

scope and the methodological techniques used throughout the research. In Chapter

3, we present a comprehensive guide to the design and preparation processes in-

volved in EEG-based reading experiments, combining both theoretical insights and
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practical cases. Chapter 4 introduces our data collection e�orts for the DERCo

dataset. We then leverage this dataset to examine the reading comprehension pro-

cess in the human brain and in LMs. In Chapter 5, we describe a large-scale study

on decoding EEG signals to investigate how di�erent types of words and grammar

categories activate distinct brain responses during reading comprehension, under

human next-word prediction behaviour. Chapter 6 focuses on brain encoding mod-

els, which are used to determine which language models most closely mirror human

reading predictability when analysed through the lens of information theory. Finally,

Chapter 7 discusses the insights gained from previous chapter, their limitations, and

the potential for further research directions.

The reading threads in Figure 1.2 are split by topics of interest according to

reader's orientation. For readers who are concerned about in conducting their own

EEG-based reading experiments and processing their datasets, follow the chapters

indicated by the dotted arrows. If the readers are interested in leveraging neural

responses to examine cognitive hypotheses in language processing, then follow the

solid arrows. If researchers looking to use EEG signals to evaluate and interpret

reading predictability in language models and humans, please follow the chapters

according to the dashed arrows. Otherwise, readers may choose to follow the thesis

in linear order to gain insights from the author's perspective.

Figure 1.2: Reading threads of the thesis.
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Chapter 2

Related Work and Background

2.1 Introduction

Readers understand written texts while subconsciously predicting upcoming words

based on the context provided by preceding words. Thus, next-word prediction is

an integral part of human reading processing. LMs are also trained to accurately

predict the next token given previous context. Thus, next-word predictability serves

as a cognitive concept for comparing how well di�erent LMs capture human-like

reading comprehension abilities. However, can we claim that these LMs can �think�

like humans during reading? When attempting to train larger models with more

knowledge, can we transform LMs into human-like models of reading processing?

When it comes to thought, we need to examine brain activity. This is because when

people engage in language comprehension, their brains display particular patterns

of electrical activity [40]. Therefore, rather than examining next-word prediction

performance between various LMs, we should establish a link between next-word

predictability and neural responses during reading. These assumptions sidestep a

deeper problem addressed we expose in this dissertation.

The structure of this chapter is as follows: Section 2.2 delves into the neural

responses associated with next-word prediction, with a focus on ERPs in neurolin-

guistics. It introduces key concepts such as the role of ERPs in capturing neural

activity and explores semantic ERP e�ects observed during reading comprehension.
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Section 2.3 discusses LMs in the context of next-word prediction. This section re-

views statistical LMs such as n-gram models, highlighting their historical importance

and limitations, and contrasts them with transformer-based LMs, which have revo-

lutionised language modelling through superior contextual understanding. Finally,

Section 2.4 introduces the relationship between LMs and human predictive process-

ing, emphasizing their alignment in linguistic prediction and exploring how brain

activity can be encoded and interpreted using surprisal-based metrics. This chapter

thus bridges cognitive neuroscience and AI providing a foundation for understanding

predictive processes in both humans and machines.

2.2 Neural Responses to Next-Word Prediction

2.2.1 ERPs in Neurolinguistics

EEG signals are recorded from electrodes placed on a participant's head and con-

nected using a conductive gel. The modulations in the recorded electrical potentials

are commonly referred to as brain waves or EEG waves [41]. Continuous EEG

recording provides a relatively coarse measure of brain processes and hence requires

careful consideration on how it is e�ectively utilised in experimental studies. Sev-

eral techniques have emerged over the years to mitigate noise in EEG in order to

enable the measurement of EEG phenomena linked with cognitive processes. These

phenomena are often elicited in controlled experimental settings, where components

of the EEG signal that re�ect informative responses to stimuli can be measured and

studied. One such type of EEG phenomenon, ERPs was �rst discovered by Pauline

and Davis in 1935-1936 and later published by Davis [42].

ERPs in a continuous EEG recording can be identi�ed by time-locking the EEG

signal to speci�c events, such as the presentation time of stimuli, and averaging the

time-locked EEG signals. They are often used to analyse brain responses to various

stimulus (e.g., visual, auditory, or somatosensory). Although ERP components are

a part of EEG signals, their amplitudes are relatively weak compared to the on-
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going background activity, which results in a low signal-to-noise ratio (SNR) [43].

Several ERPs can be used to study language comprehension. Still, it is necessary to

clarify and understand the characteristics of each distinct ERP component and how

language processing could trigger changes in these components during reading [44].

In neurolinguistics, many researchers have long studied this principle to uncover

the mechanism behind the cognitive processes while reading. Berkum et al. [45]

conducted experiments to determine the extent to which readers make predictive

inferences from an unfolding piece of text. In their research, readers were asked to

complete a truncated story where many of them came up with the same words. The

evidence from ERPs suggested that next-word predictability is a pervasive aspect

of ordinary language comprehension, a�ecting several levels of the comprehension

system involved. ERPs have shown that the language system is sensitive to mis-

matches between its expectations and the actual linguistic input, with ERP signals

di�ering signi�cantly when the incoming material is unexpected. [40, 46]. Figure

2.1 illustrates how ERPs are elicited from EEG data when studying brain activity

related to a speci�c event, in this case, the word �reading�.

Figure 2.1: Deriving ERPs from EEG data. Left: Raw EEG signals from multiple
subjects for the word �reading� (a word stimulus in our experiment). Right: ERP
of the word �reading� obtained after averaging EEG signals across all subjects.
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2.2.2 Semantic ERP E�ects in Reading

ERPs have been extensively utilised in many language studies, with particular focus

on the N400 component [47�53], a negative-going de�ection typically occurring 300-

500 ms after word onset. The N400 response has been well studied, and it has been

established to be associated with semantic complexity [52], acting as a probe for

semantic processing. As shown in Figure 2.1, a negative-going de�ection peaking

around 400 ms post-stimulus onset, within the 300-500 ms time window, represents

the N400 ERP component.

Two commonly-used measurements of N400s are amplitude and latency. For

the N400 amplitude, Petten and Kutas [48] investigated the correlation between

word characteristics (frequency and position) in a sentence and the N400 amplitude.

They concluded that low-frequency words were correlated with larger N400s than

the high-frequency words when they came up early in a sentence. Additionally, N400

amplitudes are reduced by factors that might be expected to ease processing, such

as repetition [54, 55], and context aids in the interpretation [52, 56]. Moreover, all

words produce an N400 response, which re�ects the process of accessing the word

or concept. When the prior context allows us to predict semantic features or words,

the N400 amplitude is attenuated and the word is easier to retrieve [57]. This

phenomenon is well-explained by top-down prediction theories, which e�ectively

account for the di�erences in N400 responses between function and content words.

Moreover, di�erent theories about the role of the N400 in both processes have shed

light on how meaning processing unfolds [52].

Besides studying N400 amplitude e�ects, researchers have used measures of N400

latency as lexical processing could shorten or lengthen the response latency in read-

ing. The latency is the duration time between stimulus representation and the time

point of the N400 peak. However, it is inconsistent when analysing N400 e�ects in

reading comprehension. Thus, the N400 latency is frequently researched with the

N400 amplitude in most semantic studies. Compared to the N400 amplitude, most

variables correlated to language comprehension that a�ect the N400 latency are not
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linguistics factors but mainly related to the subjects and experimental conditions

such as age-related variables [58, 59], language pro�ciency level (e.g., bilinguals [60,

61] or trilinguals [62]), neurological and psychiatric diseases [52] (e.g., Alzheimer's

disease [63�65] and schizophrenia [66, 67]), and stimulus's presentation rate in ex-

perimental design [49]. In this research, we examine the N400 amplitude rather

than its latency. To minimize the e�ects of latency variability, our EEG data were

collected from participants who were 18 years or older, native English speakers, and

without any neurological disorders.

2.3 LMs for Next-Word Prediction Task

Next-word prediction, a type of language modelling, is one of NLP's fundamen-

tal tasks. LMs have advanced remarkably in recent years. Modelling approaches

currently range from conventional n-gram models (e.g., bigram, trigram, etc.) to

more recent advanced transformer neural network models [10�12, 68]. When hu-

mans read a text while subconsciously predicting the next word, they incorporate

preceding information to predict upcoming words. Regarding the same principle,

typical language models from these two types of LM architectures will be discussed

in this section.

2.3.1 N-Gram Models

One of the straightforward methods used to estimate the probability in upcoming

word prediction tasks is the n-gram model. In principle, these probabilities are calcu-

lated from relative frequency counts. The n-gram models �rst take a very large cor-

pus and count the number of times that the given word is seen in the corpus. Math-

ematically, to compute the probability of a wordw given some historyh or P(wjh),

we need to answer the question �Out of the times we saw the historyh, how many

times was it followed by the wordw?� For example, take the sentence beginning

�The four leaf clover was the color...�, and we want to know the probability that the
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next word is �green�. Using a bigram model, we would computeP(greenjcolor) and

P(other single wordsjcolor) to determine the more probable guess between these two

words. Continuing this example, one might imagine that the model's guess would

be even more accurate if we computedP(greenjThe four leaf clover was the color),

making a 7-gram model. However, such a model would take enormous computing

power and a much greater amount of time than the bigram model to compute. Since

good estimates can be made based on smaller models, it is more practical to use

bi- or trigram models. The idea that a future event (in this case, the next word)

can be predicted using a relatively short history (for instance, one or two words) is

called a Markov assumption. A primary limitation is that n-gram models are usually

based on local contexts of only a few words and thus ignore background information

and long-range dependencies. Advances in NLP have led to development of various

architectures, such as Transformer-based language models, in order to address these

disadvantages.

2.3.2 Transformer-Based Models

The transformer architecture was introduced in 2017 by researchers at Google Brain

and uses self-attention mechanisms to focus selectively on words in the text that

are most relevant in a context [69]. Since then, several transformer-based models

have been developed and widely adopted for various NLP tasks. One of the most

prominent of these is GPT [15], a transformer-based autoregressive language model

that uses masked self-attention to predict the next token in a sequence, based on

the preceding left-to-right context.

GPT-family models are trained on vast corpora crawled from the internet to

predict upcoming words accurately given the preceding context. The self-attention

mechanism, a primary innovation of the transformer architecture, calculates weights

for every word in a sentence as they relate to every other word in the context,

enabling the LM to predict words which are likely to be used in sequence. The

self-attention mechanism allows each word to attend to every other word in the
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sequence parallelly, weighing their importance for the current token. In this way,

it can be said that LMs can �learn� the rules of grammar and capture the previous

context by statistically modelling word usage patterns in language. Moreover, the

�exibility of the transformer architecture allows for the training of context-speci�c

representations across a wide range of domains [70�72].

The mechanics of how self-attention in transformer models learns to predict the

next token in a sequence have been further examined by Li et al. [73]. Their

analysis reveals that the self-attention mechanism acquires a two-step process for

next-token prediction. First, the self-attention layer performs a �hard retrieval�

operation, precisely selecting the high-priority input tokens most relevant to the last

input token. It then applies a �soft composition� step, creating a convex combination

of these retrieved high-priority tokens from which the �nal next-token prediction

can be sampled. In this way, the self-attention layer learns to both identify the

most salient context and then synthesise that context into a coherent next-token

prediction, representing a sophisticated language modelling capability within a single

self-attention module. The overview of their result is illustrated in Figure 2.2.

GPT2

GPT-2 [11] was developed by researchers at OpenAI using a larger dataset and

with more parameters to produce an even stronger language model. GPT-2 comes

in various versions, distinguished by the number of parameters (model size). All

versions had up to 1.5 billion parameters (XL model), which was ten times more than

GPT-1 (117M parameters). It is trained on several unlabelled text (e.g. Wikipedia,

books, movie scripts) corpora. The model will learn to estimate the probability of

any given word sequence, even unseen words. The use of GPT-2, therefore, o�ers

opportunity to assess the extent to which prediction is feasible in natural reading,

and it also provides a means of quantifying precisely the probability distribution of

any word in any context, including those words with very low probability.
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Figure 2.2: The diagram of a self-attention layer in Transformer models illustrates
how it learns to predict the next token in a sequence, as adapted from Li et al.
[73]. A single-layer self-attention model performs a form of hard retrieval, precisely
selecting high-priority tokens and then producing a convex combination of these as
the output, from which the next token can be sampled.

GPT-Neo

GPT-Neo [38], developed by researchers at EleutherAI, serves as an open-source

alternative to GPT-3, replicating its transformer-based architecture while o�ering

greater accessibility, and the capabilities of large-scale language models. Unlike pro-

prietary models, GPT-Neo allows users to train and deploy models on local hard-

ware, o�ering greater �exibility and reducing dependency on cloud-based systems.

While both GPT-Neo and GPT-2 leverage the Transformer architecture, GPT-Neo

adopts several innovations from GPT-3, such as pre-layer normalization, post-layer

normalization, and rotary positional encodings, enabling better handling of large-

scale models and longer sequences. GPT-2 remains simpler but highly e�ective,
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especially for medium-scale applications. GPT-Neo's �exibility and open-source na-

ture give users more control over the architecture and training process, making it a

more versatile option for researchers and developers.

In this thesis, we examine the next-word predictability of GPT-2 and GPT-Neo

families. The hyper-parameters of model variants from the two GPT families are

outlined in Table 2.1.

Model Name nlayers nhead dmodel nparams

GPT-2 Small 12 12 768 � 124M
GPT-2 Medium 24 16 1024 � 355M
GPT-2 Large 36 20 1280 � 774M

GPT-Neo 125M 12 12 768 � 125M
GPT-Neo 1.3B 24 16 2048 � 1.3B
GPT-Neo 2.7B 32 16 2560 � 2.7B

Table 2.1: Hyper-parameters of GPT-2, GPT-Neo families.nlayers , nhead , dmodel ,
and nparams respectively refer to number of layers, number of attention heads per
layer, embedding size, and number of parameters.

2.4 How Might LMs Be Related to Humans via

Next-Word Predictability?

In reading, both LMs and the human use the same inputs (i.e., text data), which

suggests that the statistical properties of linguistic inputs may end up being rep-

resented in similar ways in both systems. Humans understand language in reading

based on the interaction between top-down and bottom-up processes (as mentioned

in Section 1.1). On the other hand, LMs learn language from real-world textual

data (from various sources) with minimal or no explicit prior knowledge of linguistic

structure. LMs do not break down sentences into parts of speech or follow explicit

syntactic transformations. Instead, they learn to encode sequences of words into

numerical vectors, called contextual embeddings, which are used to predict the next

word. Once trained, the next-word prediction mechanism allows them to create new,

contextually appropriate, and grammatically correct text [74, 75].
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Although human and LMs approached language understanding in di�erent ways,

they share core computational principles rooted in next-word predictability [76].

Both systems rely on the ability to anticipate next words in a sequence, a crucial

behaviour for e�cient language understanding. A key link between these systems

lies in the surprisal measure (as detailed in Section 2.4.1). This measure captures

more than just prediction accuracy; it quanti�es the cognitive e�ort involved in pro-

cessing language, aligning closely with neural responses observed in human brains

during reading comprehension. Notably, prior research has demonstrated that sur-

prisal, derived from LMs, is correlated with human neural responses, supporting the

hypothesis that similar computational principles govern both systems [76�79].

2.4.1 Linguistic Prediction at the Computational Level

Word predictability e�ects �t into a broader picture of human cognition, in which

individuals continuously integrate new input with context to make predictions about

upcoming events and test those predictions against their perceptual input from the

utterances they hear and read [80]. But what cognitive processes underlie these

predictability e�ects? One view is that predictability e�ects re�ect the cognitive

costs associated with probabilistic inference over sentence interpretations [79]. This

perspective, grounded in information theory [13], frames prediction as an intrinsic

function of a generative, probabilistic mental processor. This processor performs

incremental probabilistic inference over a vast (potentially in�nite) space of possible

sentence analyses as the input unfolds. Under this framework, linguistic units convey

quanti�able information, with measures such as surprisal (the unexpectedness of a

word given its prior context). In general, surprisal serve as an useful metric for

quantifying word-by-word predictability during incremental sentence processing [81].

With this theoretical foundation in mind, we now review this information-theoretic

measure of language processing.
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Surprisal

Surprisal is a measure of the unexpectedness of a target word. Hale [82] and Levy

[83] argued that the less expected a word is in a given context, the higher its sur-

prisal. Considering an example �Peter won the championship. Afterward, he was

in seventh ...�. If readers know the idiom, they can guess that the missing word is

�heaven.� That said, no new information is conveyed in this case. The surprisal is

computed by determining the probability of a word given its context, applying a

logarithmic transformation, and converting the result to its negative value. If the

upcoming word is100%predictable, the surprisal will be equal to 0. On the other

hand, if we have a very unpredictable word in a sentence with a low probability of

occurrence, the negative log would give a high surprisal value. The natural loga-

rithm is used to provide nothing more than a scaling. The surprisal quanti�es the

amount of information conveyed by a word, for instance, this word will convey 10

bits of information, or this word will contain only 10 bits of information if we choose

a log base of two. In cognition, it is re�ected in the amount of cognitive processing

e�ort required for comprehension.

2.4.2 Encoding Brain Activity Using Surprisal

Neural Responses Prediction under Cloze Estimates

Unlike language models, determining the exact probability of the next word gener-

ated in the human mind remains an unattainable goal due to the complexity and

opacity of neural computations. Nevertheless, predictability in psycholinguistics is

commonly studied using the cloze procedure [37], a traditional approach which in-

volves asking participants to predict and complete un�nished sentences or passages

based on the accumulated preceding context. This approach has been widely re-

garded as the gold standard for estimating human lexical probabilities, and cloze

probability has emerged as the primary metric for contextual word predictability

[47, 84, 85].
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The cloze procedure o�ers several advantages. First, it indirectly re�ects human

subjective probabilities, capturing how individuals perceive the likelihood of speci�c

linguistic outcomes. Second, cloze-based estimates have proven superior to corpus-

derived probabilities in predicting human reading patterns [86]. Empirical studies

consistently demonstrate that words with higher cloze probabilities elicit smaller

N400 responses compared to words with lower cloze probabilities [47, 52, 57, 85].

Furthermore, research has identi�ed a strong linear correlation between word cloze

probability and lexical processing di�culty [85, 87].

Research has consistently demonstrated that surprisal serves as a reliable pre-

dictor of neural responses during reading, particularly in relation to the N400 com-

ponent. Michaelov and Bergen [88] found that when measuring the predictability of

words using surprisal, this metric e�ectively predicts variations in N400 amplitude,

which serves as a neural indicator of processing di�culty during language compre-

hension. Frank et al. [89] further supported these �ndings by analysing EEG data

from participants reading identical sentences and examined four distinct ERP com-

ponents. Their results speci�cally highlighted that surprisal estimates signi�cantly

predict the amplitude of the N400 only, with more surprising words eliciting larger

negative N400 responses in EEG recordings. Lindborg et al. [90] provided additional

evidence by indicating that semantic surprisal e�ects are speci�cally con�ned to the

N400 time window, and its e�ect topography aligns closely with conventional ERP

analyses of expected versus unexpected words.

Neural Responses Prediction under Language Model's Probability

E�ects of surprisal, which can be generated on a word-by-word basis, can be de-

rived from various language models, including n-gram models, simple Recurrent

Networks [91], Recurrent Neural Network (RNN) Encoder-Decoder framework [92],

and Long Short-Term Memory (LSTM) networks [93]. Studies by Smith and Levy

[87], Goodkind and Bicknell [94] have thoroughly evaluated these models with re-

spect to behavioural indicators of processing di�culty. More recently, Transformer-
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based language models have gained prominence, dominating numerous NLP tasks,

which highlights the growing interest in evaluating their capabilities, particularly in

terms of next-word predictability [95�98].

Surprisal modelling from LMs has been commonly applied to predict neural re-

sponses during language comprehension. Surprisal, estimated by simple, e�cient,

and widely applied trigram models (also known as second-order Markov models), has

been successfully used to show its positive correlation with the N400 e�ect observed

in reading studies [99�101]. For more advanced LMs, Heilbron et al. [102] demon-

strated that GPT-2's word-by-word un(predictability) estimates align with ERPs in

EEG recordings when participants listened to audiobooks. Their �ndings revealed

a central negative response at 400 ms, similar to the well-known N400 component.

As further evidence, when compared with non-transformer-based LMs, Michaelov

et al. [103] found that GPT-3 surprisal provided the best �t for N400 amplitude,

suggesting that e�ects of expectancy, plausibility, and contextual semantic similarity

could all be accounted for by variations in word predictability.

Within transformer-based LMs, Hao et al. [96] showed GPT-2 as the most ef-

fective at predicting psycholinguistic patterns, outperforming both TransformerXL

[104] and XLNet [105], in terms of psycholinguistic predictive power. These results

indicated that GPT-2 may better capture lexical surprisal that aligns with human

predictability, potentially making it a strong candidate for psycholinguistic mod-

elling in comparison to more complex architectures. However, when examining the

GPT family, Shain et al. [79] challenged claims that more advanced LMs should

exhibit stronger logarithmic relationships between contextual predictability and pro-

cessing di�culty. They found that surprisal estimates from GPT-3 were not more

�super-logarithmic� than those from smaller models such as GPT-2, even though

GPT-3 is a larger and more powerful model.

27



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

2.5 Conclusion

In this chapter, we have established the theoretical and empirical foundations neces-

sary to understand the relationship between human language processing and LMs.

Thanks to the review of neural responses, particularly ERPs, we have gained in-

sight into the predictive mechanisms employed by the human brain during language

comprehension, revealing how contextual information shapes anticipatory processes.

Similarly, the exploration of language models�from traditional n-gram models to

advanced transformer-based architectures�illustrated how computational systems

emulate these predictive capabilities through probabilistic modelling of sequential

linguistic data.

Furthermore, the discussion highlighted next-word prediction as a critical link

between cognitive neuroscience and AI. By analysing how LMs align with human

predictive processing and how neural responses can be analysed in terms of sur-

prisal, we identi�ed signi�cant overlaps and divergences between these domains.

This synthesis not only enhances our understanding of linguistic prediction but also

opens avenues for evaluating whether LMs can approximate human-like cognition

or �thinking� in the context of reading and language comprehension.

Finally, this background and literature review chapter establish a comprehensive

foundation for the dissertation's core objective: examining how language models

can mimic the predictive neural processes of human cognition. This foundational

knowledge will guide subsequent empirical and theoretical investigations, connecting

computational modelling with cognitive neuroscience.

In order to investigate next-word predictability in LMs and human productions,

a dataset speci�cally designed for this purpose is necessary. Therefore, the next

chapter will fully describe how to collect EEG-based reading experiment data (see

Chapter 3) and introduce the DERCo dataset (as outlined in Chapter 4).
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Chapter 3

Experimental Design and Data

Preparation for EEG-Based Reading

Research: A Comprehensive

Overview and Practical Example

The purpose of this dissertation is to utilise EEG signals to examine human-like next-

word predictability in di�erent LMs during reading comprehension. To address this,

the �rst and most important step of this thesis is to design an EEG-based reading

experiment and propose a preprocessing pipeline particularly suited to our dataset.

However, EEG-integrated reading experiments require a common framework for re-

searchers as current approaches are numerous and often disorienting. Therefore,

this chapter aims to address the �rst research question�How do we design a

standard framework for EEG-based reading experiments?� Additionally,

this chapter does not only serve for the whole research but also provides compre-

hensive guidelines for designing EEG-based reading experiments, providing valuable

materials for researchers in this �eld of neuroscience. Moreover, we will leverage

our DERCo dataset collection project as a practical case study to validate the ef-

fectiveness of our proposed EEG preprocessing pipeline in this chapter. Finally, we

29



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

ultimately hope that this work will encourage other researchers to run EEG-based

reading experiments and achieve signi�cant outcomes.

3.1 Introduction

Existing studies in the cognitive neuroscience of language have sought to explore the

connection between the changes in our brain and manipulations of linguistic repre-

sentations [28�30]. Three measurement techniques are frequently employed in brain

connectivity studies: functional Magnetic Resonance Imaging (fMRI), Magnetoen-

cephalography (MEG), and EEG. Compared to fMRI, EEG provides measurement

of brain activity at higher temporal resolutions, in the milliseconds range, but with

a poorer spatial resolution. In addition, EEG is often preferred over MEG and fMRI

due to its portability and lower cost. As a result, EEG is widely used in cognitive

research, particularly in a broad range of reading experiments.

Publicly available datasets focused on EEG-based reading tasks are limited [106].

Thus, researchers often have to design and collect data speci�c to their purposes.

Nonetheless, designing and conducting reading experiments to measure neural re-

sponses can be a painstaking process. In particular, beginners often struggle with

how to start their research, for example, in selecting the appropriate type of EEG-

based reading experiment. Moreover, most literature review papers focus on data

preprocessing and analytic methods but do not adequately cover experimental de-

signs.

Even after successfully collecting data, researchers frequently face many chal-

lenges during data processing, as brain signals are often contaminated and hard to

analyse. Many researchers apply existing pipelines to their data, which can lead to

misleading interpretations. This often goes unrecognized due to insu�cient founda-

tional knowledge of EEG signal processing. For neuroscientists, although they are

typically familiar with using EEG data, there remains uncertainty about whether

their approaches are suitable. Moreover, there is a trade-o� to consider when choos-

ing di�erent approaches for preprocessing EEG data. Traditional methods can be
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time-consuming, whereas state-of-the-art techniques often introduce additional com-

plexity to the preprocessing pipeline.

The reasons outlined above open an opportunity and motivate the pursuit of this

work. The main contributions of this chapter are as follows:

ˆ We summarise common reading experimental designs that use EEG, as well

as analyse the advantages and disadvantages of these setups. From this, we

provide a list of key points to support researchers in choosing a proper type

of experiment for their studies.

ˆ We outline in-depth techniques for EEG signal preprocessing, both in general

and with a focus on reading experiments.

ˆ After covering various techniques and experiment design types, we propose

a practical EEG-based reading experiment design and a corresponding EEG

preprocessing pipeline. The �nal results will be evaluated in Chapter 4, where

we introduce the DERCo dataset.

The rest of this chapter is structured as follows. First, we describe and analyse

reading experiments that capture brain activity. This is followed by a critical re-

view of the methodological approaches used for preprocessing EEG signals. Next,

we present a practical implementation of an EEG-based reading data collection ex-

periment. Finally, we conclude the key contributions of this chapter and discuss

future directions of reading research.

3.2 Experimental Design

In reading, informative brain activity that re�ects perceptual and cognitive processes

occurs when a subject interacts with a given stimulus [107]. Therefore, experimental

setups are primarily focused on how the stimulus is displayed. To simulate natural

reading scenarios, many studies have used a co-registration approach of eye move-

ment and EEG signals, taking advantages of eye tracking to determine where a target
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word in a sentence is presented when it falls into the participant's fovea. Common

paradigms for this design include gaze-contingent paradigms [108] and free-viewing

paradigms [109�111]. Nevertheless, this approach can lead to an overlap between

time-locked neural responses, as these responses last longer than the individual �xa-

tions and saccades typically seen in reading [112]. The experimental design must also

address the complex calibration between the eye-tracking (ET) and EEG systems.

Moreover, this method often requires a high-end eye tracker, as reading experiments

demand higher measurement accuracy [113] compared to other visual experiments

such as those involving image or video tracking.

Limited research questions related to brain activity in reading can be explored

without using an eye-tracker, where the Rapid Serial Visual Presentation (RSVP)

paradigm is one of the most common approaches. A typical RSVP experiment

presents one word at a time on a screen in sequence, using a �xed presentation time

for each word, where a subject is required to keep their gaze consistently �xated

during reading. This is fundamentally di�erent from how natural reading occurs

in that previous and upcoming words can be perceived in parafoveal vision [114,

115]. In this chapter, we will focus on RSVP-based paradigms, as this method can

be implemented in many labs, regardless of whether or not they have access to

eye-tracking devices.

3.2.1 RSVP-Based Paradigms

The traditional RSVP paradigm requires participants to keep their eyes at the cen-

tre of the screen while words are sequentially presented in the foveal region at a

constant rate [116] (as illustrated in Figure 3.1). Using RSVP can speed up reading

times by increasing the frequency of displayed words via the Presentation Speed

parameter. This is because RSVP removes the need for eye movements and each

incurring a saccadic duration due to the required time to jump from word to word

[117]. This presents the question of whether a faster Presentation Speed reduces

the reading comprehension of a reader. To investigate this hypothesis, Kosch et al.
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[118] conducted experiments with three Presentation Speeds using EEG to deter-

mine individual information processing levels in terms of changes in RSVP display

parameters. Their conclusions agreed with previous �ndings regarding the presen-

tation rate. At 200 words per minute, participants read slower than their regular

speed, which resulted in an increase in reading comprehension scores that were re-

�ected in the EEG correlations of higher working memory load and engagement

during reading. At the same time, there were no signi�cant improvements between

the Presentation Speed at 350 WPM and 500 WPM and normal reading for text

comprehension and cortical activity. Thus, words are usually presented at a stimulus

onset asynchrony (SOA) in the range of around 400 ms up to 1000 ms depending

on the purpose of the research [119] in the RSVP paradigm.

Figure 3.1: Illustration of the word presentation for the �rst two words, �Once� and
�upon�, in the common phrase �Once upon a time� in a typical RSVP experiment.
The illustrated experiment begins with a blank screen and a �xation cross in the
centre of the screen for 1000 ms. Each stimulus word is then presented for 200 ms,
followed by a 300 ms blank screen.

According to Rayner et al. [115], there is a considerable decline in informa-

tion processing due to the reduction in visual acuity from the foveal region to the
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parafovea and then the periphery. Although traditional RSVP experiments ignore

many properties of natural reading, especially in parafoveal processing, the RSVP-

with-�ankers experiment can overcome these issues. In this paradigm, a sentence

is displayed in word triplets with consecutive words appearing on the centre of the

screen. The three words (n - 1), (n), and (n + 1) are, respectively, the preceding

word, the target word, and the next word. The word at �xation is always visible

while the words on neighbouring sides are masked by letter strings, commonly re-

ferred to as �ankers. In most studies using this technique [120�123], the �anker may

be valid previews (either sentence-congruent, sentence-incongruent words) or invalid

previews (pseudowords) depending on the objective of the research.

Figure 3.2 illustrates an RSVP-with-�ankers paradigm using valid and invalid

previews. In the invalid condition, the letters of upcoming pseudowords were either

replaced with a string of �x� characters or partially revealed by showing the �rst

one, two, or three letters (right panel). In contrast, our study aimed to simulate

natural reading conditions; therefore, we used a valid preview (left panel) instead

of an invalid one, which typically consists of a masked, random-letter non-word.

Similarly, Figure 3.3 depicts the use of congruent and incongruent word �ankers in

the RSVP-with-�ankers experiment. However, since natural reading usually involves

congruent words, we retained the original words in the transcript and did not modify

the next-word �ankers to be incongruent.

Many of the studies using RSVP-with-�ankers also incorporate ERP analysis.

Zhang et al. [122] conducted the RSVP-with-�ankers paradigm to examine the

semantic processing of parafoveal words during the reading of sentence lists. The

result concluded that the time-locked N400 was more negative for the incongruent

�ankers compared to the congruent ones. That also suggests one can extract the

semantic integration of parafoveal words based on the N400 component during the

reading process. In terms of the sentence level, Stites et al. [124] reported the level

of N400 e�ects for an incongruent target word would reduce or vanish after that

word left the preview position toward the foveal vision. Payne et al. [125] then
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replicated the work of Stites et al. [124] to explore aspects of higher-order language

comprehension during natural reading, which refers to the more complex, advanced

cognitive processes involved in understanding meaning beyond basic word decoding.

They found that semantic access was initiated in the parafoveal vision; however, the

task-dependent, integrative processing could not be evoked with its normal window

time for the target word unless it occurred in the fovea. Furthermore, Li et al. [123]

indicated that the e�ect of N400 on the foveal word only appeared when that word

fell into the preview position and was contextually congruent with the sentence. On

the contrary, there was no N400 evoked from the incongruent words.

Figure 3.2: Illustration of the RSVP-with-�ankers paradigm with valid (left) and
invalid (right) preview.

3.2.2 Advantages and Disadvantages of RSVP Paradigms

Participants' eyes move from �xation to �xation during normal reading. Reading

RSVP studies are not naturalistic because they eliminate three important properties:

parafoveal processing, saccade execution, and attentional load. Thus, the RSVP-

with-�ankers paradigm was introduced to modify the classic RSVP paradigm, and
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Figure 3.3: Illustration of the RSVP-with-�ankers paradigm with parafoveal con-
gruent (left) and incongruent (right) words.

brings a range of bene�ts. First, this approach simulates a closer approximation

of natural reading scenarios than the conventional RSVP paradigm since parafoveal

previews of the upcoming words are shown. Indeed, Li et al. [123] examined an N400

congruency e�ect in an RSVP-with-�ankers experiment. The �nding indicated that

participants could quickly integrate the information about soon-to-be-seen words

using congruent parafoveal words. This insight is essential since visual processing

already happens in the parafovea and periphery during regular reading, alongside

foveal vision. Where there are constraints on the presence of eye movements, the

RSVP-with-�ankers paradigm is a useful approach to eliminate ocular artifacts,

which are of notable concern in ERP studies. This paradigm allows control over

presentation speed and space to create an equal quality for the reader's perception

of all previews as much as possible. These controls could explain the more consis-

tent semantic Parafoveal-on-foveal-like e�ects observed in the RSVP-with-�ankers

paradigm than the gaze-contingent boundary paradigm [121, 126].

Critically, the RSVP-with-�ankers paradigm enables a continuous measure of

brain electrical activity evoked in several stages of word processing to the parafoveal

and foveal information. Thus, it sidesteps some of the processing complexities en-

countered when dealing with the temporal overlap between the FRPs elicited by

consecutive �xations when using co-registration paradigms. The �rst reason could

be that the RSVP-with-�ankers paradigm applies a �xed time and rate of visual

inputs. Another reason is that a signi�cant overlap between FRPs will occur due to
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the variation in �xation duration of those from subsequent and preceding saccade

targets [111] that cannot be present in the RSVP-with-�ankers implementation.

Despite its bene�ts, the RSVP-with-�ankers paradigm also su�ers from several

drawbacks. The �rst one is in the limitation of experiment settings where partic-

ipants are �rmly instructed to maintain �xation on the centre of the screen. As

a result of this, participants cannot shift their gaze, e.g., to a parafoveal region.

Additionally, word lists in the RSVP-with-�ankers paradigm navigate leftwards. A

word begins on the right side of the screen and then moves step-by-step to the

left. However, in normal reading, the eye-movement reading habit is opposite to

this operation where a leftward bias in readers' attention was found since people

had predicted the presentation's direction and tried to follow the stimulus. In the

RSVP-with-�ankers implementations, forcing participants to hold �xation is con-

trary to natural reading [127]. This is because people tend to skip the words that

are easily predictable [128] or of a high frequency [129], making a longer saccade or

regression in a sentence. Another disadvantage is the reduction of lexical-parafoveal

processing. The reason could be that the word lists presentation limits the semantic

context, such as displaying an array of �ve words instead of a complete sentence

[130].

3.2.3 Important Features of EEG-Based Experimental De-

sign

Poor experimental design can result in inadequate data and inconclusive or mislead-

ing �ndings that fail to address the hypothesis under investigation. Therefore, it is

necessary to carefully conduct and consider each stage in an experiment's design,

from the experimental questions and participant recruitment to the interpretation

of the �nal results. A scienti�c study starts with research questions/hypotheses and

ends with a conclusion or an evaluation.

EEG-based reading experiments often consist of a number of blocks, and each

block includes several trials per condition under examination. According to Light
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[131], a typical EEG experiment generally has 16 to 20 participants and typically

a large number of trials per condition. The number of subjects is decided based

on the signal-to-noise characteristics of the data, the type of methodology applied,

how many trials will be collected from each participant, and the expected e�ect

size. For instance, an ERP experiment should typically have a minimum of 50 trials

on a per-participant-condition combination to achieve a su�cient SNR, but this is

based on empirical research, not a strict principle [132]. Also, according to [132],

the number of EEG electrodes used will depend on the selected approach and the

inferences that experimenters intend to make.

Furthermore, experimental design can directly a�ect the �nal outcome. A well-

designed EEG experiment has �ve characteristics [133]. First, an experiment should

be easily reproduced in the future; thus, it needs to be as simple as possible. Sec-

ond, when testing a speci�c hypothesis, the experiment must take factor e�ects and

related risks into account. Third, experimenters need to minimise the running cost

of experiments that will achieve signi�cant results. Fourth, data analysis and eval-

uation should be planned in advance. Finally, the conclusion should relate to the

aims of the work and have broad validity. Regarding developing an EEG laboratory,

and instructions for subject preparation, readers can refer to Light et al. [131] and

Ledwidge et al. [134].

3.2.4 Synchronisation of Data Streams

The RSVP-based paradigm can help achieve high precision time synchronisation be-

tween EEG devices and stimulus display devices due to the fact that the timing of

stimulus presentation is in some way controlled, however, system delays still occur

between devices. More importantly, in reading experiments, we often analyse word-

level synchronised EEG segments, which typically last around 200-250 ms. Thus, any

delay during the experiment will directly a�ect the synchronisation, leading to inac-

curacies in the analysis. Therefore, before running the experiment, we should design

a synchronisation between the EEG device and the stimulus display device to avoid

38



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

any delays during the experiment. Using an eye tracker in gaze-contingent bound-

ary paradigm or co-registration of eye tracking and EEG paradigms is considered an

e�ective approach to synchronising data streams. Nevertheless, for paradigms that

do not use an eye tracker e.g., the RSVP-based experiments, we can still achieve

high synchronisation accuracy. The most common solutions to synchronising data

streams involve using shared triggers and/or a photodiode sensor.

Shared Triggers

In the Figure 3.4, a shared trigger system is implemented using a splitter cable

attached to the parallel port of the stimulation computer. The parallel port is

designed to send multiple bits of data simultaneously, which allows for fast data

transmission. In the experimental setups, each pin on the port can represent a

unique binary signal (on or o�). These signals can be used to communicate speci�c

triggers (event markers) to an EEG ampli�er when the stimulus words presents.

Sharing triggers like this may seem outdated, but many EEG systems and other

laboratory equipment are already equipped with parallel port interfaces, making it

easy to integrate without needing additional adapters. Moreover, the parallel port

provides almost instantaneous communication, with negligible delays between the

signal being sent and received. This ensures precise timing in experiments where

every millisecond counts. Furthermore, since the parallel port sends bits of data at

once, it allows for multiple triggers or event markers to be sent simultaneously. This

is useful when distinguishing between di�erent types of stimuli in real time.

One drawback of this method is the requirement for the necessary connections

(i.e., cables and ports) if they are not available in the system. Additionally, paral-

lel port connections can be more susceptible to electrical noise than more modern

digital solutions. This is particularly important in EEG setups where noise must be

minimised. Another disadvantage relates to latency variances due to the operating

system and software.
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Figure 3.4: Block diagram of the 1) shared triggers and 2) photodiode sensor tech-
niques in synchronisation of data streams.

Photodiode Sensor

A photodiode measures light and translates it to a voltage signal through a TTL

(transistor-transistor logic) pulse to the EEG ampli�er. It can be connected to the

corner of the stimulus presentation monitor [135] as shown in Figure 3.4. Alternating

word stimuli events can use a small box at that part of the screen, triggering the

photodiode. This creates a marker in the EEG ampli�er data corresponding to the

stimulus change, allowing for the time synchronisation of all other data recorded by

the platform. Di�erent intensity of light (when the screen turns brighter or darker)

can be used in the box to indicate di�erent trials.

This method has been applied in existing EEG-based studies and has demon-

strated many advantages [136�138]. Firstly, the photodiode measures the exact

moment the stimulus is displayed, completely eliminating any software-related de-

lays or variability due to hardware limitations. Secondly, since it detects the actual

visual event rather than relying on computer-generated triggers, it o�ers higher pre-

cision in synchronising visual stimuli with EEG recordings. Lastly, a photo sensor

bypasses potential display lag introduced by di�erent monitor refresh rates or op-

erating system delays. For example, if the monitor's refresh rate is 60 Hz, visual

stimuli can be delayed by up to 16.67 ms, which could introduce unwanted timing

errors, while the photodiode captures the stimulus as soon as it is actually displayed.

The main disadvantage of this approach is the requirement for additional hard-
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ware, including the photodiode sensor and extra cabling. Table 3.1 shows compar-

isons between these two solutions in terms of many aspects.

Aspect Photodiode Shared Trigger
Timing Precision Highly accurate, as it detects

the true screen stimulus.
Moderate precision, due
to software and system-
dependent timing.

Latency No delay as sensor captures
exact visual stimulus onset.

Small potential delays due to
hardware and system issues.

Cost Higher cost due to additional
sensor hardware.

Low-cost, uses standard ca-
bles and ports.

Potential Errors It can be in�uenced by ambi-
ent light.

Timing errors due to moni-
tor refresh rates, system lag.

Usage Requires additional hard-
ware and setup (sensor place-
ment).

Easier to set up, uses com-
mon hardware like parallel
ports.

Table 3.1: Comparison between photodiode and shared trigger approaches

3.3 Data Preprocessing

Raw EEG data typically requires a number of preprocessing steps and transforma-

tions before meaningful measures can be extracted, e.g., ERP component ampli-

tudes. However, when extracting such measures across various experimental condi-

tions, researchers must deal with several problems due to the lack of standards for

data preprocessing protocols.

Moreover, the collected EEG data can be di�erent due to the dissimilar quality

in EEG devices and electrode placement standards [139]. Given the importance of

standardisation, this section will outline common steps that researchers frequently

conduct to obtain clean data for reading experiment analysis. Firstly, we broadly

discuss di�erent types of artifacts that are present in EEG signals and present strate-

gies to mitigate them with a range of commonly-used techniques. Following this, we

introduce epoching and grand averaging, which involves extracting the time-locked

segments of EEG corresponding to particular events of interest. These are also im-

portant steps in a general framework for EEG processing (as illustrated in Figure

3.5). Note that the �epochs� step can be performed either before or after artifact
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removal, depending on the approach used for artifact removal.

Figure 3.5: General preprocessing pipeline for EEG data. Epochs can be imple-
mented before (dashed line) or after artifact removal.

3.3.1 Common Artifacts

A comprehensive understanding of the di�erent types of artifacts present in EEG

recordings is essential for researchers in selecting appropriate techniques and strate-

gies for artifact removal, as well as for mitigating and recognising potential con-

founds that such methods may introduce. Generally, EEG can be temporally and

spatially contaminated by artifacts arising from two sources - physiological and non-

physiological. The former includes internal sources of physiological artefacts such as

ocular, muscular, and cardiac artifacts (depicted in Figure 3.6). Non-physiological

artifacts can result from events like physical movements of the subject, or come from

external environmental sources, nearby electrical devices, movement of electrodes,

and cable connections [140]. In this section, we will discuss common artifacts often

present in EEG and outline several techniques that can be used to mitigate their

impact on the meaningful analysis of EEG.

Figure 3.6: Illustration of di�erent physiological artifacts.
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Physiological artifacts

Ocular Artifacts

Eye movements and blinks are signi�cant sources of artifacts in EEG signals, namely

ocular artifacts. Eye-movement artifacts are often present in scalp-measured EEG,

as there is a charge between the retina and cornea of the eyes (cornea-retinal dipole).

When the eyes undergo movement, this dipole imparts spatially varying and additive

electrical signals into the EEG. Further compounding the issue, the voltage can be

orders of magnitude larger than the neurally generated EEG signals. In addition,

eye blinks also introduce contaminants in EEG due to contact of the cornea with

the eyelid during blinking [141]. Notably, the electrical scalp characteristics of this

latter source of noise are spatially stable.

The signals created by eye movements and neural cognition are simultaneously

detectable by EEG on the scalp. Electrooculography (EOG) can be used to mea-

sure such ocular signals with high isolation from EEG. However, EOG and EEG

recordings can be contaminated by each other. A classic approach to dealing with

EOG artifacts requires participants to avoid eye blinks and eye movements during

experiments. However, this solution may suppress and inadvertently change a per-

son's ongoing cognitive processes, thereby a�ecting the interpretation of the results

[142]. Moreover, employing such a strategy is sometimes infeasible, especially in

experiments performed on children, disabled people, uncooperative subjects, and

more [143]. It is sometimes preferred to use artifact correction to eliminate ocular

artifacts from EEG signals instead of directly instructing participants to abstain

from such behaviours.

Muscle Artifacts

Muscle (electromyogram) activity near the head, such as the neck and facial muscles,

during natural reading, can cause excessive noise in EEG signal recordings. These

signals are known as muscular artifacts and can be found in di�erent sets of elec-

trodes of the scalp. These noisy signals are typically characterised by high-frequency
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activity (greater than 20Hz) [144]. As a result, these artifacts can overlap with the

EEG signals at beta (13-30Hz), and gamma (30-50Hz) bands in the frequency do-

main [144, 145].

The number of studies on EMG (Electromyography) artifacts is minimal com-

pared with ocular artifacts. One explanation is that they are challenging to stereo-

type. There are fewer strategies to remove such muscular artifacts from EEG based

on their di�erent frequencies because they can stem from di�erent muscle groups.

According to a study by Goncharova et al. [144], for instance, the frequencies found

in the muscle artifacts were approximately 20-30 Hz and 40-80 Hz in the frontal and

temporal muscles, respectively. Furthermore, they also indicated higher component

frequencies around 100 Hz for the posterior head muscles. In reading, the extraoc-

ular muscles controlling saccadic eye movements can produce activity that peaks

around 65 Hz [146]. Nevertheless, there was no consistent pattern for these signals

in the same frequency bands across participants, due to their gender and di�erent

types of contractions [147].

Unlike EOG artifacts, trials containing EMG artifacts are frequently removed

using a screening process (trial rejection) instead of using various mathematical

methods to remove their contribution to the EEG signal. In brief, the removal of

muscular artifacts is particularly challenging. Whitham et al. [148, 149] used a

neuromuscular blockade approach to allow the EEG signals to be collected without

muscle artifacts. Along with their high-frequency properties, muscular artifact sig-

nals are short in duration. Several techniques have been proposed as suitable for

dealing with muscular contamination [150]. Fatourechi et al. [145] reported that

about 80% of 250 papers surveyed ignored the existence of muscle artifacts, and

only 3.2% of them applied a screening process to identify EMG artifacts.

Cardiac Artifacts

Cardiovascular artifacts originate from the electrical activity of the heart and in-

clude those related to heartbeat, blood �ow, pulse, and electrocardiogram records
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(ECGs or EKGs). These potentials have a frequency of around 1.2 Hz [151]. The

heart potentials propagate via the human body and can be di�cult to disentan-

gle from EEG signals. This leads to spike potentials, directly a�ecting the ERP

components' amplitude. Similar to EOG signals, ECGs possess a typical pattern,

also known as P-QRS-T shape [152]. Based on this characteristic, several artifact

correction techniques have been applied, such as Independent Component Analysis

(ICA) and continuous wavelet transformation [153, 154]. The success of the denois-

ing approaches in detecting and removing cardiac artifacts from EEG signals can be

found in several studies [155�157].

Non-physiological artifacts

Non-physiological artifacts primarily stem from technical issues encountered during

experimental procedures. The most common one is power line interferences that

manifest in the frequency spectrum as a series of narrow peaks at multiples of the

power line frequency (50 Hz or 60 Hz), depending on the geographical region. Many

approaches have been proposed to attenuate power line artifacts, including low-pass

and notch �lters [158]. Often, the frequency spectrum of the EEG data will be cut

o� below the power line frequency using a low-pass �lter. The primary motivation is

to enhance slowly varying features relative to fast �uctuations judged less relevant

in EEG, with line artifact reduction being an added bene�t. The downsides of this

are (a) loss of high-frequency information, (b) limited attenuation at line frequency

unless the cuto� is steep, and (c) waveform distortion, particularly if the cuto� is

steep and the �lter impulse response consequently long [159].

Alternatively, a notch �lter, or set of notch �lters, can be applied to mitigate

the signal at the line frequency and its harmonics. Attenuation at other frequencies

is minimal if the notches are narrow. The main disadvantage, however, is that a

notch �lter's very long impulse response can lead to artifacts triggered by the onset,

o�set, or transitions within the data [160]. Other techniques can be used such as

frequency domain �lters [161, 162], regression based on a reference signal [163], ICA
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[164], and other spatial �ltering techniques [165].

Instrument artifacts as a type of extrinsic artifact are caused by electrode mis-

placement and cable movements. These artifacts can be reduced by using appro-

priate electrode connection procedures and planning. Impedance �uctuations, as

another source of artifacts, derive from the properties of the electrode-skin inter-

face. These can be avoided by carefully attaching electrodes to the scalp and using

gel to increase the conductivity between electrodes and the scalp's surface.

3.3.2 EEG Data Cleaning

Epochs

A continuous EEG signal can be divided into EEG segments known as epochs,

which are often extracted with respect to speci�c events for which the exact timing

is known. For example, epochs can be extracted for �xation events using event

markers or triggers (refer to Section 3.2.4 for examples).

Determining a suitable onset and o�set (i.e., duration) for epochs concerning

speci�c eye movement events is heavily dependent on the research question(s) un-

der investigation in a study. For instance, if the researchers want to examine the

sequential or overlapping frames of continuous EEG signals during a resting-state

activity [166], it is reasonable to extract longer epochs that extend beyond the stim-

ulus o�set. However, epoch intervals are typically short in the reading studies, e.g.,

-100 ms to +500ms for a word stimulus.

EEG measurements in the epoch time window typically undergo baseline sub-

traction, where the mean value between a set of time points preceding the event

to which the epoch was extracted is subtracted from all the values in the epoch.

Baseline correction is commonly employed after epoching continuous EEG signals.

This is done so as to minimise voltage o�sets and drifts because of skin hydration,

skin potentials, and static electricity charges [158].

The step of dividing continuous EEG data into epochs can be implemented either

before or after data cleaning, depending on the chosen artifact removal techniques
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in preprocessing pipeline. In some work�ows, epochs are extracted before artifact

removal, while in others, data is cleaned �rst and then segmented into epochs.

Detection and Removal of Bad EEG Epochs

When working with EEG data, it is common to encounter bad trials, or epochs,

due to noise or artifacts. While ICA has become a widely used method for EEG

preprocessing, particularly for artifact removal, it is less e�ective at handling spo-

radic, non-repeating, and non-similar bursts of noise, which can further degrade

ICA performance. These bursts, mainly caused by non-physiological artifacts, in-

cluding changes in the conductivity between the electrode and the scalp due to head

or body movements, electrode impedance imbalance, and faulty wiring, can be re-

moved manually [167] or automatically [168�170]. Ignoring the presence of such bad

data can negatively impact downstream analysis. For instance, when multiple trials

time-locked to a stimulus are averaged to estimate an evoked response, a single bad

trial can corrupt the average, as the mean of a dataset is not robust against strong

outliers. Therefore, bad epochs detection and removal should be conducted in the

early stage of EEG pre-processing to minimise its in�uence.

To address this issue, several algorithms have been developed to automate the

detection and removal of bad epochs, such as FASTER [168], AutoReject [170], and

Riemannian Potato [169]. In the following work, we propose an EEG preprocessing

pipeline where epoching is applied early in the process. After preliminary rejection

of bad epochs, ICA is applied in combination with ICLabels [171] to identify and

remove artifacts. Finally, the remaining clean data is grand-averaged across vari-

ous conditions for analyses. In Section 3.4.4, we evaluate the performance of these

algorithms when integrated with ICA and ICLabel, aiming to determine the most

e�ective approach for our pipeline. This combination facilitates e�cient data clean-

ing while reducing the impact of noisy trials on the �nal analysis.

FASTER

47



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

FASTER (Fully Automated Statistical Thresholding for EEG artifact Rejection)

identi�es and drops bad epochs using a global outlier detection method [168]. In

this process, several statistical measures, e.g. amplitude, deviation and variance, are

calculated for each epoch across the entire dataset. These measures are then trans-

formed into z-scores, and any epoch with an absolute z-score exceeding a prede�ned

threshold (normally 3) is considered �bad� and is subsequently removed from the

dataset. This global outlier detection ensures that noisy or artifact-laden epochs,

which could negatively a�ect subsequent analyses, are excluded. A similar rejection

process can be applied for detecting and removing bad channels.

AutoReject

AutoReject [170] (AR) is a cleaning algorithm designed to automatically determine

the optimal threshold for rejecting or repairing EEG epochs, without requiring the

researcher to manually adjust parameters. This ease of use makes AR highly appli-

cable compared to other cleaning methods that often require the user to set rejection

thresholds. AutoReject operates in two main phases: Global AutoReject and Local

AutoReject.

In the Global AutoReject phase, the algorithm uses a widely-known statistical

method of cross-validation in combination with Bayesian optimization to identify

the best global rejection threshold. The goal is to minimise the di�erence between

the mean of the clean signals and the median of all signals, e�ectively aligning the

overall median closer to the mean of the good signals.

Following this, Local AutoReject is conducted to repair or exclude individual

trials. Electrodes within each trial are evaluated based on their peak-to-peak am-

plitude. If too many electrodes in a trial are deemed bad, the entire trial is rejected.

However, if only a subset of sensors are problematic, they are repaired through spa-

tial interpolation from the neighbouring good sensors. This two-step process ensures

e�cient and e�ective cleaning of the data, whilst preserving as much useful infor-

mation as possible.
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Riemannian Potato

Riemannian Potato [169] is a clustering method used to detect and reject bad epochs

in multichannel MEG/EEG data. It works by �rst calculating the covariance ma-

trices for all trials, which serve as the foundation for identifying outliers. A central

covariance matrix is then de�ned, which represents the �center� of the clean data

distribution. A distance threshold is established around this central matrix, forming

a volume in Riemannian space. This volume is analogous to a sphere in Euclidean

space, but in Riemannian space, the shape resembles a potato, hence the name.

Any trial with a covariance matrix that lies outside of this �potato,� meaning its

Riemannian distance exceeds the prede�ned threshold, is considered an outlier and

rejected. This approach provides an e�cient method for detecting and removing

noisy or artifact-laden trials, enhancing the overall quality of EEG data [172�174].

However, bad epochs removal also has certain limitations, such as degraded per-

formance in EEG analysis due to loss of information, unreasonable group-level statis-

tics because of changes in the EEG's dimensions (e.g., stimulus, channel, frequency,

etc.), and increasing the potential risk of errors for large-scale EEG data when using

EEG tools. In brief, instead of removing bad epochs, reconstructing signals is a

potential alternative that helps overcome shortcomings. There are several useful in-

terpolation approaches for signal reconstruction from bad channels, including spher-

ical spline interpolation [175, 176], higher-order polynomials [177], nearest-neighbor

[176] and radial basis function [178], deep learning-based methods [179].

ICA Combined With ICLabels

ICA is a widely used method for EEG preprocessing and has become a de facto

standard in the �eld. Multi-channel EEG signals consist of a mixture of neural

activity and various artifact sources. ICA is employed to separate the underlying

sources from the recorded EEG channels. It enables the decomposition of EEG

signals into independent components (ICs), allowing the removal of components
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associated with artifacts, thereby yielding cleaner EEG signals [180]. ICA-based

algorithms have been e�ectively used to �lter out various types of artifacts in EEG

data, including ocular artifacts [181, 182], EMG artifacts [183, 184], ECG artifacts

[153, 185], and power line noise [186, 187].

The ICA approach can be applied to EEG data given a number of assumptions,

including independent sources mixing, sources that are non-Gaussian or only one

source being Gaussian, and that are a greater number of channels than the number

of cortical sources of activity [141]. ICA is the primary component-based technique

used in Blind Source Separation (BSS), enabling the identi�cation and removal of

artifacts. When BSS methods are applied, the axes onto which the data are projected

are altered. The word �separation� comes from separating an EEG record into

independent components according to the projection onto di�erent spaces. Looking

at signals from many perspectives allows researchers to obtain important information

rather than a particular projection. To illustrate the algorithm, assuming that X is

an electric potential signal generated by an EEG electrodeX = [ x(1); x(2); :::; x(N )]

which is mixed by a stationary linear matrix of constantsA, and S is the original

artifacts source signal. The relationship between such values is shown as follows,

X = AS (3.1)

To obtain the observed signals, the BSS algorithm is an extended version:

Y = WX (3.2)

whereY is the assessment of sources, and theW is the reverse mixing ofX .

Subsequently, the components (that contain artifactual signals) are removed, and

the EEG data is reconstructed. Figure 3.7 shows the general schematic of artifact

removal using BSS algorithms.

Based on the BSS's formula 3.1, the ICA attempts to estimate a demixing ma-

trix W. Several ICA-based techniques were developed to give a good approximation
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Figure 3.7: Block diagram of the blind source separation.

for W since it is di�cult to determine accurately in practice. Two common esti-

mators are used to measure these variables: maximisation of non-Gaussianity and

minimization of mutual information. In the former method, the FastICA (de�ation

and symmetric) is representative. This approach applies an iterative technique to

�nd the independent components by estimating the matrix W via maximising non-

Gaussianity [188]. Another learning technique inspired by mutual information is

InfoMax ICA. This estimation calculates independent components by maximising

the entropy of a neural network with non-linear outputs [180].

One problem that prevents ICA from becoming an automated data cleaning tool

is that it requires manual annotation of which ICs are related to brain activity and

which are artifacts. This process requires expertise and is labour-intensive and prone

to human error, especially in large datasets. To address this challenge, the ICLabel

project [171] was developed to automate the classi�cation of ICs from EEG and

MEG data. ICLabel utilises a machine learning model trained on a large dataset of

over 200,000 ICs from more than 6,000 EEG recordings, helping to categorise ICs

into di�erent types, such as brain-related activity, muscle artifacts, eye movements,

heartbeats, and other sources of noise. The ICLabel model provides an e�cient and

accurate way to classify ICs, reducing the need for manual inspection and speeding

up data processing in electrophysiological studies.

51



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

By integrating ICLabel into the ICA work�ow, the combination o�ers a stream-

lined, automated approach to EEG data cleaning. ICA decomposes EEG signals into

independent components, while ICLabel automatically classify these components

into categories, including brain signals, eye movements, muscle activity, heartbeats,

power line noise, channel noise, and others. Together, they form a robust pipeline

that reduces human intervention, increases accuracy, and accelerates the preprocess-

ing of large or complex EEG datasets. This makes the method suitable for both

large-scale studies and real-time applications, o�ering signi�cant improvements over

manual component inspection and artifact removal.

Grand Average

Grand averaging of epochs is a common technique used in EEG analysis to obtain

a representative signal by averaging the data across multiple trials and subjects,

increasing the SNR for time-locked neural activity and reducing the in�uence of

random. Grand-average ERP plots are calculated by summing all single-trial EEG

waveforms at each time point and dividing by the number of epochs. It is often done

by separating epochs according to di�erent conditions [158], where grand-average

ERPs can be compared between conditions. The grand average is particularly useful

in ERP studies, as it highlights consistent brain responses across trials and partic-

ipants. Moreover, epochs can be averaged on more than one condition or across

nearby electrode sites involving a speci�c brain area of interest (e.g., occipital grand-

average ERP). Please refer to Subsection 2.2.1 and Figure 2.1 for an example of the

grand average step.

After exploring the components of a typical EEG preprocessing pipeline for an

EEG-based reading experiment, the next step is to apply these techniques and select

the most appropriate methods for each stage of the pipeline. To achieve this, we

will use our DERCo dataset collection project as a practical case study for Section

3.4.
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3.4 A Practical Example of EEG-Based Reading

Research

Reading is a complex cognitive process that involves various linguistic, perceptual,

and predictive mechanisms. One of the critical components of reading comprehen-

sion is the ability to anticipate or predict upcoming words in a sentence. This

next-word prediction ability is fundamental not only to e�cient reading but also

to general language processing. While much research has been conducted to un-

derstand how individuals comprehend language, the neural activities underlying

predictive processing during reading remain a topic of growing interest.

ERP components such as the N400, which is sensitive to semantic incongruities,

and the P300, related to expectancy and attention, have been widely used to in-

vestigate language processing during reading. These components provide valuable

information about how the brain anticipates and processes expected or unexpected

words in a sentence.

In this section, we will examine a practical study conducted by Quach et. al [39],

which investigates the neural mechanisms of next-word prediction during reading

using EEG signal. The study serves as an illustrative example for designing and

implementing EEG experiments in the context of reading processing. By going

through their research, we will explore the critical steps involved in setting up an

EEG experiment, including participant selection, stimuli and experimental design,

EEG recording, and data preparation.

3.4.1 Experimental Design

Overview

An EEG-based reading experiment was conducted to further validate behavioural

next-word predictability obtained from an online study with a large cohort of 500

participants on Amazon Mechanical Turk (discussed in Subsection 4.2.2). In the

online experiment, participants were asked to predict upcoming words and complete
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a story using the cloze procedure (as described in Subsection 2.4.2). While the cloze

procedure was suitable for the online experiment, it was not appropriate for use in

the EEG experiment. For accurate time-locking in EEG analyses, it was crucial to

present stimuli at a steady rate, minimising the impact of eye movements on the

EEG signals i.e. using RSVP [189]. Cloze probabilities were computed for each

word to quantify predictability, providing a metric used to analyse semantic context

e�ects in the EEG recordings. In the following parts, we will outline the step-by-step

implementation of a typical EEG-based reading experiment.

Participants

EEG data was recorded from 22 participants who were native English speakers, orig-

inating from the UK, Ireland, and the USA. All subjects had normal or corrected-

to-normal vision and no neurological disorders, by self-reporting. The participants

were employees or students at Dublin City University (18-51 years of age, mean

age 23.86; 7 women, 15 men). Of these, two participants (males) were excluded

from data analysis due to contaminated EEG from excessive eye movements. Every

participant received a voucher gratuity of¿ 25 upon completion of the experiment,

which lasted approximately two hours. All participants provided informed consent

for their participation, the re-use of the data prior to the start of the data collection,

and were aware that they could withdraw participation at any point during the ex-

periment. Data collection was conducted with approval from Dublin City University

Research Ethics Committee (Reference: DCUREC/2023/085) (see Appendix C.1).

Stimuli & Experimental Design

Two types of RSVP paradigm were used for collecting the DERCo dataset for each

participant: classic RSVP and RSVP-with-�anker, with a stimulus presentation rate

of 200 ms. This rate is due to the fact that when a person reads a text, a word is

�xated on for around 200 to 250 ms before a saccade occurs and the next word is

�xated on [112, 190]. Both experimental conditions were similar, except that the
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RSVP-with-�anker used triple-word stimuli, whereas the classic RSVP presented

only one word at a time.

More importantly, participants in the EEG-based reading experiment were not

explicitly made aware that their word predictability was being investigated. There

were �ve short articles, each corresponding to one session. Although we allocated 25

minutes per story in the cloze experiment because participants needed time to type

their predictions, each session lasted approximately 4 minutes (the shortest story)

to 7 minutes (the longest story) in the EEG experiment.

In the experiment, the title was displayed at the beginning of each session. The

session then began with a blank screen and a �xation cross in the centre of the

screen for 1000 ms. After that, words were presented as white letters in lowercase

60-px Arial font on a gray background on a 1920 x 1080 Full HD monitor. Each

stimulus word was presented for 200 ms, followed by a 300 ms blank screen. In the

RSVP-with-�anker, the preceding word and the target word were revealed, while

the succeeding word was hidden by a string of Xs, corresponding in length to that of

the masked word. PsychoPy [191], an open-source package for creating experiments

in behavioral science, was used for stimulus presentation. The RSVP experiment

implementation is illustrated in Figure 3.8.

In the experiment, a photodiode was used to generate accurate EEG event mark-

ers by detecting changes in a small rectangular area in the corner of the monitor,

which alternated between black and white. When a word stimulus was presented,

this rectangle turned black, and when the stimulus disappeared, it changed back

to white. The photodiode, connected to this corner of the display, captured these

changes in light intensity, ensuring precise detection of the stimulus onset and o�set.

Figure 3.9 shows the photodiode board we speci�cally designed to detect stimulus

onsets and o�sets in the EEG-based reading experiment. The blue-circled area

connects to the photodiode, which detects the black-white transitions, while the

red-circled section connects to the EEG device, sending event markers based on

the detected changes. When the photodiode senses a transition (stimulus onset or
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Figure 3.8: The procedure of word presentation for the �rst three words �Once upon
a ...� in (a) RSVP experiment(b) RSVP-with-�anker experiment.

o�set), the board sends a trigger to the EEG system, ensuring tight synchronisation

between the visual stimulus and the recorded brain activity. This setup is crucial

for studying time-locked neural responses to word stimuli during the experiment at

a millisecond level.

Figure 3.9: Our EEG event trigger board used in the DERCo project: The red-
circled area connects to the EEG device to send triggers, while the blue-circled area
connects to the photodiode, which detects light changes to mark stimulus onset.
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Procedure

An EEG data collection took place at the School of Computing in Dublin City

University. After participants had been given an overview of the experiment pro-

cedure, they were provided with a Plain Language Statement outlining the study's

objectives, the attention-related metrics to be recorded, the usage of the collected

experimental data, the extent of their involvement in the research study, and details

about the associated risks, bene�ts, and inclusion criteria. Subsequently, they were

required to sign a written informed consent form to participate in the study.

Participants were seated in a comfortable chair, approximately 100 cm in front

of a 1920 x 1080 Full HD monitor in a semi-darkened sound-attenuated room. They

were instructed to read (via RSVP) the �ve short stories in silence, where the �rst

three stories were presented using RSVP (i.e. word-by-word display), and the last

two stories were presented using RSVP-with-�ankers (i.e. three consecutive words

displayed at a time with the upcoming word represented with X's). Participants

completed a test block before conducting the real experiment. Participants were

asked to remain relaxed, and to minimise their movements during RSVP presenta-

tion, a common instruction to minimize movement artefacts in EEG recordings.

The stimuli were displayed following the description in the Stimuli & Experi-

mental Design. After the �nal word disappeared, the participants answered com-

prehension questionnaires related to what they had just read. The primary purpose

of these basic questions on the story content was to ensure the subject maintained

their attention during the task i.e. the participants needed to pay attention in order

to be able to answer these questions afterwards.

Sessions were self-paced i.e. participants could take a 5-10 minute rest between

sessions until they were ready to proceed. After completing �ve sessions, the partic-

ipants were required to answer certain questions about their experience during the

experiment. The questionnaire for the �ve articles are included in Appendix C.2.
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3.4.2 Data Preparation

EEG Data Acquisition

The EEG data was recorded using an ActiCHamp EEG system [192] with a 32-

channel active electrode cap, with electrode positions following the international

10-20 system [193]. The signals were collected at a sampling rate of 1,000 Hz with

a 500 Hz IIR (In�nite Impulse Response) low-pass �lter, referenced to an internal

reference (virtual ground) of the ampli�er. The impedance of each electrode was

carefully checked before recording to ensure good conductivity, and were checked

again before each session to maintain all electrode impedances below 5k
 . EEG

signals were continuously recorded during each session. A photodiode connected to

an external circuit was a�xed to the top right hand corner of the screen and was used

to generate markers (corresponding with word presentations) on the EEG recording.

This allowed for correctly aligned epochs corresponding to word presentations to be

extracted after the experiment. Participants were not able to see the visual marker

used to trigger the photodiode i.e. it was physically occluded. Please refer Section

3.4.1 for more information, and Figure 3.9 about the trigger board.

Data for Comparison

As mentioned in Section 3.3.2, various algorithms can be applied to automate the de-

tection and removal of bad epochs. In this section, we will compare the performance

of each algorithm by examining their e�ectiveness in removing bad epochs.

ICA allows for the decomposition of EEG epochs into ICs. The corrected EEG

signals are obtained by discarding the ICs containing artifacts. The Picard algo-

rithm [194] was used for maximum likelihood independent component analysis. To

automatically identify artifact-containing ICs, we applied the ICLabel classi�er. The

remaining ICs were then reconstructed to create clean EEG epochs.

There is no established evidence as to which bad epoch detection algorithm works

best in conjunction with ICA and ICLabel for building a preprocessing pipeline in an

EEG-based reading experiment. Therefore, this section will compare three di�erent

58



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

preprocessing pipelines: AutoReject + ICA + ICLabel, FASTER + ICA + ICLabel,

and Riemannian Potato + ICA + ICLabel.

The raw EEG data was �ltered with bandpass cuto�s from 0.1 Hz to 45 Hz using a

Finite Impulse Response (FIR) �lter with a Hamming window. Subsequently, using

the stimulus onset triggers, we segmented the raw EEG data into multiple epochs.

The DERCo dataset aims to examinate the next-word predictability based on

each word-level analysis. We used two non-overlapping groups oflow predictable

words (clozep � 0:06, n = 989), and high predictablewords (clozep > 0:52,

n = 962), extracted from the Mechanical Turk dataset (as outlined in Subsection

4.3.2). After �ltering, the number of trials for high and low cloze probability levels

varied between participants.

To solve this, we standardised the number of trials used for analysis across sub-

jects by determining the smallest number of trials at each cloze probability level

across participants and setting these as a baseline. We then randomly selected an

equivalent number of trials from other participants, ensuring that the distributions

of these selected trials (based on cloze values) closely matched the baseline distribu-

tions. This random selection process was guided by the Kolmogorov-Smirnov (KS)

test [195], which assessed the similarity between distributions. The process iterated

up to 5000 times, each time randomly selecting a subset and computing the KS

statistic, with the subset yielding the lowest KS statistic considered the best match.

The smallest number of trials for each pipeline is outlined in Table 3.2.

For example, for the �AutoReject + ICA + ICLabel� pipeline, the smallest num-

ber of trials for high and low cloze probability was observed in subject �SAB93�

with 777 and 775 trials, respectively. Thus, we extracted the cloze values from each

trial of this participant to construct distribution baselines for the high and low cloze

conditions and then collected the same number of trials with similar distribution

baselines from other participants.
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Subject ID
AutoReject FASTER Riemannian Potato
High Low High Low High Low

TRA37 836 844 902 929 895 932
JPY86 901 921 919 929 932 946
ACB71 888 908 907 928 892 915
LRK01 929 968 927 953 944 977
SAB93 777 775 951 973 940 958
OLW10 885 924 902 945 914 962
WHR08 902 944 891 931 888 932
NXB64 937 967 919 946 938 961
LYY64 927 959 919 940 935 960
SIT48 941 961 886 910 912 949

MRB47 873 921 888 923 828 881
WAL74 933 956 919 944 943 965
HMK96 863 879 919 927 941 962
RRO98 938 963 914 936 919 948
QFT39 931 947 915 934 940 968
QPI83 934 958 912 942 941 964

WJX11 884 940 906 947 932 960
MNY88 927 950 910 935 907 929
UJM92 858 931 878 933 912 962
DGR11 928 948 904 939 927 956

Table 3.2: Baseline number of trials for each preprocessing pipeline (AutoReject,
FASTER, and Riemannian Potato) across high and low conditions for each subject.
Highlighted cells indicate the baseline numbers used for comparative analysis.

3.4.3 Comparison Procedures

We can attempt to evaluate the e�ectiveness of our cleaning procedures. This is

a challenging task, as de�ning the quality of a signal, particularly in EEG, is not

straightforward. Di�erent �qualities� of the same signal are required depending on

di�erent tasks. Another issue is that it is impossible to completely distinguish be-

tween the �true signal� (i.e., brain activity) and noise, as they are always intertwined

during recording. While all cleaning techniques aim to mitigate noise, they may also

a�ect the true signal. In our case, we propose two metrics for comparing di�erent

pipeline approaches: mean-based SNR and classi�cation-based decoding accuracy.
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Signal-to-Noise Ratio

One method for estimating the SNR is to assume that the true underlying signal is

the one obtained by averaging multiple recordings of the same event. This approach

is closely aligned with our understanding of ERPs, making it a good proxy for signal

quality when assessing brain activity reliably evoked by a speci�c stimulus. However,

it is not suitable to examine signal quality when studying more variable brain states,

such as oscillations, which may cancel out during averaging.

For each electrode, we divide the mean signal amplitude over time by the stan-

dard deviation of electrode time course. The standard deviation of the error is more

precisely estimated once we remove the signal. This is also equivalent to the variance

of the average signal in relation to the total variance. Let us examine the situation

where the response to a word stimulusw (one of W stimuli in total) is rw . In this

case, the SNR is:

SNR =
PW

PN
=

E[r 2
s ]

� 2
N

where E[�] denotes the expectation over stimuli, i.e., 1
W

P
w r 2

w if stimuli are

equiprobable, and� 2
N is the noise variance, i.e., it measures the amount of variability

that still occurs when the stimulus is held to a �xed value, which can be measured

in practice by taking the variance of the distribution of responses across trials where

that word is repeated.

Classi�cation-Based Decoding

Since we aim to investigate the general-purpose performance of our cleaning algo-

rithms, we will not rely only on the previously mentioned SNR but also consider

decoding performance in di�erent settings as a measure of signal improvement. We

investigated N400-like components within the 300 - 500 ms time window using de-

coding techniques. In Chapter 5, we concluded that highly predictable words gen-

erate more distinct N400 e�ects across lexical classes compared to less predictable

words. Therefore, we will apply the same decoding technique from Chapter 5 to

61



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

EEG data preprocessed using three di�erent pipelines. If our cleaning algorithm

has improved the signal, this should also enhance the decoding accuracy between

the two conditions.

3.4.4 Results

Results of Mean-based SNR

Figure 3.10: Distribution of signal to noise ratios across channels (compared to Raw
Epochs).

In this analysis, we compared three di�erent cleaning pipelines including: Potato

+ ICA + ICLabels, FASTER + ICA + ICLabels, and AutoReject + ICA + ICLa-

bels, in terms of their ability to improve the SNR in EEG data. The SNR distribution

across channels for each pipeline was measured relative to the raw epochs, which

served as the baseline, as visualised in Figure 3.10. As expected, all algorithms

improved the SNR to varying degrees, as they are speci�cally designed for noise

reduction and signal enhancement.

Regarding the Potato + ICA + ICLabel pipeline, the result shows a moderate

improvement in SNR compared to the raw epochs. Nevertheless, the variability
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across channels is relatively high, as indicated by the wider spread of the distribution.

This suggests that while the method improves the signal, the degree of improvement

varies signi�cantly across di�erent channels.

For the FASTER + ICA + ICLabel pipeline, the results indicate a more con-

sistent improvement in SNR across channels. The distribution has lower variability

compared to the Potato pipeline, suggesting more consistent performance across the

dataset. The overall increase in SNR compared to the raw data is notable, indicat-

ing that this cleaning pipeline is more e�ective at mitigating noise and preserving

signal integrity.

The combination of the AutoReject algorithm with ICA and ICLabel demon-

strates the most e�ective performance in improving SNR across channels. This

pipeline achieves the highest SNR improvements relative to the raw epochs, indicat-

ing its superior ability to remove noise while preserving the true signal.

While the FASTER pipeline yields a slightly higher mean SNR than that of Au-

toReject, it exhibits greater variability across channels, as evidenced by the wider

distribution in the violin plot. This inconsistency suggests that FASTER's perfor-

mance is more sensitive to certain types of data or noise within the dataset, with

some channels achieving better SNR and others performing worse.

In contrast, AutoReject o�ers a more robust and stable cleaning solution across

channels. This consistency is often more bene�cial in practical applications than

higher mean performance that �uctuates signi�cantly between channels. The Au-

toReject pipeline's reliable performance across all channels makes it a more depend-

able choice for noise reduction in EEG data processing.

The primary objective of this section was to identify a suitable approach for

EEG-based reading experiments. While maximising SNR is important, it is crucial

to evaluate the decoding accuracy achieved with each pipeline in the actual EEG

reading task. These evaluation metrics ensure that our chosen method not only

cleans the data e�ectively but also contributes to a better understanding of the

cognitive processes involved in reading.
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Results of Classi�cation-Based Decoding

Figure 3.11: Decoding accuracies according to each pipeline.

Figure 3.11 illustrates the decoding accuracies for two conditions (high and low

cloze probabilities) across di�erent cleaning pipelines. The main focus is on the time

window of 300-500 ms, where N400-like components are expected to be observed.

In general, across three pipelines, the decoding technique successfully reveals sig-

ni�cant di�erences between high and low cloze probability words in the N400 time

window (300-500 ms) compared to other time courses based on decoding accuracy.

Although the performances did not di�er signi�cantly among pipelines in the N400

time window, we can still distinguish and compare them to identify the most e�ective

pipeline.

Table 3.3 summarises the details of the mean-based SNR and decoding accu-

racies, which serve as our evaluation metrics (as mentioned in Subsection 3.4.3).

Nevertheless, if a pipeline obtains the best performance but is time-consuming to

process, we cannot consider it the most e�ective one. Thus, processing time was

another key factor in our analysis. While AutoReject + ICA + ICLabel achieves the

highest SNR (0.113� 0.073), it is signi�cantly time-consuming (� 7212 s), making

it less practical. FASTER + ICA + ICLabel o�ers the highest decoding accuracy

(0.747 � 0.025) with a shorter processing time (� 1420 s), thus, it is the most

e�cient option overall. Potato + ICA + ICLabel provides a reasonable balance

between accuracy and runtime, but FASTER remains the optimal choice for both

performance and e�ciency.
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Method Runtime Decoding accuracy (Mean-based) SNR
Raw Data - 0.660 (� 0.041) 0.079 (� 0.052)
AutoReject +
ICA + ICLabel

� 7212 s 0.728 (� 0.021) 0.113 (� 0.073)

Potato + ICA +
ICLabel

� 1493 s 0.734 (� 0.026) 0.106 (� 0.065)

FASTER + ICA
+ ICLabel

� 1420 s 0.747 (� 0.025) 0.111 (� 0.065)

Table 3.3: Mean (and standard deviation) of performance for the described cleaning
algorithms on di�erent task.

3.5 Discussion

In this chapter, we addressed the research question of how to design a standard

framework for EEG-based reading experiments by proposing a comprehensive guide-

line that integrates experimental design and data preprocessing used speci�cally to

EEG-based reading experiments. The �rst part outlined details on how to design

such an experiment using RSVP-based paradigms, providing the advantages and

disadvantages of each approach. The novelty of this section lies in its detailed expla-

nation of each paradigm and its instructions on setting up a high-quality experiment.

Most of the published literature to date on EEG-based reading experiments either

ignores the experimental approaches [196�198], or only provides a brief introduction

of them [199, 200]. Thus, this step is extremely important to decide the success of

a study since it not only a�ects the quality of collected data but also re�ects the

researcher's objectives.

The use case in Section 3.4 described a practical EEG-based reading research,

starting from brainstorming the idea, progressing through the design and execution

of the experiment. An innovative aspect of this section is to compare di�erent

cleaning pipelines to determine the most suitable one for reading experiments. EEG

processing pipelines have not been standardised and are still a developing area of

research. Their design depends on how researchers understand their experiments

and collected signals, requiring careful implementation of cleaning steps to extract

the necessary features. For this research, we focused primarily on reading datasets,
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thus, the cleaning pipelines must meet evaluation metrics such as SNR and decoding

performance for reading tasks.

The comparison across pipelines reveals a clear hierarchy in decoding perfor-

mance. While the raw epochs show �uctuating and unreliable accuracy, all three

pipelines (Potato, FASTER, and AutoReject) demonstrate improvements in decod-

ing accuracy, particularly within the 300-500 ms time window, which re�ects the

N400-like component. Among the three, AutoReject + ICA + ICLabel consistently

outperforms the others by achieving the highest mean-based SNR and the most

stable decoding accuracy. Nonetheless, this pipeline demands substantially more

processing time. FASTER + ICA + ICLabel also shows strong improvement in the

mean-based SNR, with slightly more variability than AutoReject in classi�cation-

based decoding, but it has the shortest processing time compared to the others.

Although this comparison gives us useful insights into cleaning performances for a

reading-based dataset, it would be bene�cial to investigate more use cases. Ad-

ditionally, including more cleaning algorithms would be valuable, provided their

implementation is feasible and e�cacy.

This chapter not only addressed the �rst research question but also established a

foundation for building a robust EEG-based reading dataset for the next-word pre-

diction task, paving the way for success in addressing subsequent research questions

of the thesis. Furthermore, the �eld of EEG-based reading research is far-reaching;

thus, this work might not cover all of the existing literature for each and every

reading experiment. However, after reading this chapter, readers can have a clear

roadmap for their research process. In addition, the authors believe this research

will encourage further exploration and development of other methodologies, as well

as address various challenges encountered in investigating cognitive processes during

reading.
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Chapter 4

Dublin EEG-Based Reading

Experiment Corpus

In Chapter 3, we described the process of collecting EEG data from an EEG-based

reading experiment, which is part of the DERCo dataset collection project. This

chapter will provide a more detailed examination of the DERCo dataset, emphasizing

how EEG data correlate with reading behaviour data collected from human partic-

ipants during reading comprehension. The DERCo dataset comprises behavioural

data collected from 500 participants recruited through the Amazon Mechanical Turk

online crowd-sourcing platform, along with EEG recordings from 22 healthy adult

native English speakers. The online experiment was designed to examine context-

based word prediction by a large sample of participants, while the EEG-based exper-

iment was developed to extend the validation of behavioural next-word predictabil-

ity. Online participants were instructed to predict upcoming words and complete

entire stories. Cloze probabilities were then calculated for each word so that this pre-

dictability measure could be used to support various analyses pertaining to semantic

context e�ects in the EEG recordings. EEG-based analyses revealed signi�cant dif-

ferences between high and low predictable words, demonstrating one important type

of potential analysis that necessitates close integration of these two datasets. This

work does not directly aim to solve any research questions in the dissertation; how-
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ever, the dataset is a result of the �rst research question:�How do we design

a standard framework for EEG-based reading experiment?� , mainly used

to address next two research questions: (1)�Are neural responses to upcoming

words attributable to quantitative di�erences in lexical categories (content

versus function words) and grammatical categories (e.g., nouns, verbs,

adjectives, pronouns, etc.)?� discussed in Chapter 5, and (2)�Which type of

language model has as close of a next-word predictability as a human?�

discussed in Chapter 6. Moreover, this material also provides a valuable resource

for neurolinguistics researchers, due to the word-level EEG recordings in context.

4.1 Introduction

The availability of publicly accessible EEG datasets for semantic-level information

in reading is limited [106]. Researchers often design and collect data with limited

consideration of reuse of the data for other researchers to conduct investigations or

test hypotheses, making these datasets di�cult to reuse in other studies. For exam-

ple, Dufau et al. [201] released an EEG dataset with a thousand words to examine

the time course of orthographic, lexical, and semantic in�uences on word-level in-

formation. Thus, it could not be reused for studies related to decision-making or

reading behaviours. In contrast, Davis et al. [202] conducted a reading-based exper-

iment with complex decision-making (CDM) tasks to investigate how brain activity

in CDM was distributed across frequencies and brain regions. Participants in this

experiment were instructed to make decisions related to speci�c relational contexts:

selecting a bus, choosing a friend, deciding on a job, selecting a medication, and opt-

ing to participate in research. Consequently, this dataset is not suitable for testing

general semantic relation hypotheses in the context of reading comprehension.

Moreover, designing and conducting reading experiments wherein neural re-

sponses are captured is painstaking due to the complexity and time-consuming na-

ture of successfully deploying EEG experiments. Although this chapter does not

directly address any of the research questions in the thesis, the DERCo dataset
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plays a crucial role in supporting the brain decoding and encoding models discussed

in Chapter 5 and Chapter 6. The higher the quality of the dataset we collect, the

better the results we can obtain. Therefore, we decided to build an EEG-based

reading dataset, which signi�cantly contributed to our understanding of cognitive

mechanisms underlying reading processing.

Studying brain activity during reading is a complex challenge for neuroscientists

[203�207], as it involves disentangling complex cognitive processes from continuously

measured brain signals that are often contaminated with various sources of non-

neural activity. Over time, EEG has become an important measurement technique

not only for neuroscienti�c research but also for those in the �eld of AI, in particular

for NLP. Working with EEG and AI in combination has enabled researchers to

explore the similarities and di�erences between brain activity and AI models in

language processing [76, 78, 208], mapping neural signals to natural language [207,

209], decoding linguistic information from the brain [204, 210], or encoding language

into neural activity representations [211].

Two notable EEG-based reading datasets made available for other researchers

are the Kilo-word ERP dataset and ZuCo dataset. Dufau et. al [201] published the

Kilo-word ERP dataset in 2015, consisting of EEG data from 75 subjects performing

a lexical decision task on approximately 1,000 English words. This dataset has been

reused in neurolinguistic studies [212] and for teaching ERP analysis [213]. However,

the paradigm used to capture this data presents word stimuli independent of each

other without context, i.e. word stimuli presentations are not part of a sentence.

The ZuCo 1.0 dataset [214] was �rst released in 2018, updated to ZuCo 2.0 [215] in

2019, and has been applied in numerous studies [207, 210, 216, 217]. This dataset

comprises EEG measures co-registered to eye-tracking events during natural reading.

However, the dataset's focus is on NLP tasks such as entity recognition, relation

extraction, and sentiment analysis using machine learning algorithms. Hence, the

ZuCo dataset does not completely focus on single-trial responses at the word level.

To balance the disadvantages and advantages of these two datasets, our dataset
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focuses on single-trial neural responses collected in a narrative context. Single-

trial responses in our experiment are synonymous with word-level EEG responses.

This approach is particularly important as it allows us to perform analyses such

as comparing high versus low predictable words in context. While responses may

be averaged within a category (e.g. high probability), word-level (single-trial) re-

sponses are still ultimately required to perform analysis on language-related ERP

components [218].

Moreover, our dataset includes data from two types of experiments, including

classic RSVP and RSVP-with-�anker paradigms (please refer to Section 3.2.1 for

more details). Horizontal EOG was included as a part of the dataset, motivating

researchers to examine horizontal eye movements should they wish to further inves-

tigate this. From our investigation of the data, there was minimal eye movements,

but users of the data may decide to impose stricter thresholds regarding minor eye

movements (e.g. microsaccades). Also, these paradigms use a �xed presentation

rate for each word, e�ectively driving the speed at which participants read [118,

119, 121].

An important feature of this dataset is human annotation data via a behavioural

word-prediction experiment conducted using Amazon Mechanical Turk [219] for 500

participants. The word �behaviour� was intended to indicate that participants were

required to predict upcoming words [220]. Behavioural experiments are designed to

test a belief or prediction and to discover new insights [221]. They are frequently

conducted on crowdsourcing platforms for tasks related to psychology, neuroscience,

and cognition [222]. In our research, this experiment captures the predictions for

next words from 500 participants, allowing us to measure the predictability of words

in the context. Combining this dataset with the EEG-based reading data for 22

participants, we demonstrate ERP di�erences using high-and-low cloze probabilities

for next-word predictions. This work aims to provide evidence that the word-level

predictability metrics derived from our behavioural word-prediction experiment are

su�ciently robust and relevant to be e�ectively incorporated into the EEG-based
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reading experiment data.

We anticipate that this dataset will facilitate AI-related research, including the

development of brain encoding and decoding models, research in cognitive science

and linguistics, and advancing the capabilities of natural language processing sys-

tems. For instance, it will enable researchers to study the nature of brain signals

underlying semantic-level information in reading contexts. Additionally, by standar-

dising EEG data formats and providing thorough metadata annotation, this dataset

will support data reuse with di�erent modalities such as fMRI, MEG, eye track-

ing data, etc. The technical validation of this dataset, described further below,

demonstrates its reliability and ensures it meets the necessary standards for exam-

ining human next-word prediction ability through neural responses during reading

comprehension.

4.2 Method

In our experiments, we used the same materials for both the EEG-based read-

ing (as described in Subsection 3.4) and the behavioural word-prediction experi-

ment. The script of the �ve articles are reported in Appendix C.3. The study

was approved by the Dublin City University Research Ethics Committee (Refer-

ence: DCUREC/2023/085) for both experiments. Participants' responses were de-

identi�ed i.e. each individual data was represented by a unique random ID with

no recording of name. The ethic approval was mentioned in Subsection 3.4.1 and

Appendix C.1. They also provided permission for their data to be shared as a part

of informed consent process. The two experiments must use the same materials

because their datasets should be used in conjunction.

4.2.1 Materials

The primary purpose of this dataset was to enable researchers to investigate reading

behaviours and comprehension, necessitating the selection of materials that avoided
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using advanced/unfamiliar words and did not require speci�c domain knowledge,

such as that needed for understanding a scienti�c article. Many previous studies of

brain activity during reading experiments have utilised naturalistic stories for the

collection of neural data, including the Alice datasets [223], Le Petit Prince (The

Little Prince) corpus [224], the Harry Potter datasets [225, 226], and the Adventures

of Sherlock Holmes datasets [78, 227].

Based on these considerations, �ve short stories from Grimms' Fairy Tales were

selected, namely: �The Mouse, the Bird, and the Sausage� (Article 1), �Straw, Coal,

and Bean� (Article 2), �Poverty and Humility Lead to Heaven� (Article 3), �The

Death of the Little Hen� (Article 4), and �The Wolf and the Fox� (Article 5). These

fairy tales include a large, rich set of verbal descriptions without the use of advanced

vocabulary, making them comprehensible to individuals with varying degrees of

knowledge.

Additionally, these stories are not commonly known, thereby mitigating the im-

pact of familiarity. Table 4.1 presents the overall descriptive statistics of the ma-

terials split by story. It shows the variability in article length, sentence structure,

and word usage, withdistinct word counts ranging from 224 to 301, andsentence

counts from 23 to 36. The table also includes mean and standard deviation values

for words per sentenceand word length, indicating the average and variability within

these metrics across the articles. When creating the descriptive table, we removed

currency symbols, numerals, and punctuation.

Story 1 Story 2 Story 3 Story 4 Story 5
No. of words 564 466 493 660 776
No. of distinct words 243 235 226 224 301
No. of sentences 33 32 23 36 34

Word per sentences
M 17.09 14.56 21.43 18.33 22.82
SD 8.43 7.16 7.89 13.61 11.41

Word length
M 4.17 4.09 3.89 3.83 3.97
SD 1.94 2.01 1.92 1.65 1.91

Table 4.1: Descriptive statistics of reading materials (M = mean, SD = standard
deviation).

72



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

4.2.2 Behavioural Word-Prediction Experiment

Participants

A total of 500 participants completed an upcoming word prediction task (behavioural

word-prediction experiment) on Mechanical Turk [219], a crowdsourcing marketplace

on Amazon. Each HIT (Human Intelligence Task) corresponded to one of the �ve

stories, meaning that we had 100 subjects per story. Demographic information was

not collected, and participants remained completely anonymous. The HITs were only

available for participants in the USA, Canada, Australia, England, and Ireland, aged

18 years or older. Potential participants saw the HIT on the Amazon Mechanical

Turk platform and then decided whether to complete the tasks for compensation.

Before beginning the HIT, participants were required to sign a digital consent form

with three conditions: 1. You voluntarily agree to participate, 2. You are 18 years

of age or older, 3. You are a native English speaker (as shown in Appendix C.4).

Volunteers participating in our experiment were compensated with a fee of $1.2 to

$1.5 per story, depending on the story's length. Each HIT (per story) lasted 25

minutes on average.

Stimuli & Experimental Design

The experiment was presented to participants as an HTML webpage with the task

�ow controlled by jsPsych [228], which is a JavaScript framework for creating be-

havioral experiments running in a web browser. The words were displayed in 21-px

Arial font with a black color at the centre of the webpage, while the page had a

white background color.

The online experiment was conducted based on the cloze procedure as mentioned

in Section 2.4.2. For each story, the title was initially displayed, and then the �rst

two words in the content were revealed, where participants were then asked to predict

(by typing) the next word. After providing their prediction, the actual upcoming

word was disclosed, where participants were then asked to predict the next word in

the sequence. Once ten words were displayed on the screen, the left-most word was
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then removed, and the upcoming word was presented. This procedure was repeated

until participants provided their predictions for all upcoming missing words. The

ten-word sliding window is illustrated in Figure 4.1, and Figure 4.2 shows the display

used on the website.

Figure 4.1: The stimulus was transcribed in article 1 for the behavioral experiment.
(a) Transcript (b) A ten-word sliding window example.

Figure 4.2: A ten-word sliding window was presented on the website for the article
1. (a) The next word is �the� (b) The next word is �next.�

Since our main focus is on next-word predictability, we designed our experiment

based on the cloze procedure due to its application in brain activity analyses for

reading and audio experiments. Goldstein et al.[76] conducted a cloze experiment

using a sliding-window behavioural paradigm similar to ours. In their experiment,

participants initially saw two words from a story, predicted the next word, and then
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continued to predict subsequent words as they were revealed one by one. After

displaying ten words, the earliest word was removed to make space for the next

word in the sequence. Varda et al. [229] implemented a similar experimental design.

Additionally, they conducted a cloze experiment based on the original EEG-based

reading dataset [99, 230]. The materials used included a total of 205 English sen-

tences, ranging from 5 to 15 words, with an average of 10 words. This average of

ten words was also the number we chose for our experiment. Although participants

had access to more context in the cloze experiment compared to the EEG-based

experiment in Section 4.2.2, both studies achieved signi�cant results in analysing

predictability in human brain activity based on cloze probability.

Procedure

Participants on Mechanical Turk [219] found the experiment by browsing for HITs.

After accepting the HIT, the participants were provided with task instructions and

a web link to navigate to the experiment's website. An informed consent form was

displayed after the welcome screen. Participants then proceeded with a test block

to familiarise themselves with the experiment. Before moving on to the next step,

we emphasised three important points to ensure data quality and prevent technical

interruptions during the experiment: 1. Please do not skip words, 2. Please do not

use online resources and, 3. Please do not reload the page. After completing the

entire story (i.e. providing a complete set of upcoming word predictions), they were

then asked to answer some short questions about the text they had just read to test

their comprehension (included in Supplementary File 2). Finally, a survey code was

provided at the end of the experiment. The participants could then use this code

to complete the HIT task on the Mechanical Turk platform. A task was considered

successful if the participant adhered to the rules and used the exact survey code

provided by the experimenters. After experiment completion, participants were not

allowed to take part in further experiments in this study.
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EEG-based Reading Experiment

All details regarding the participants, stimuli, experimental design, and procedure

of this EEG-based reading experiment have already mentioned in Section 3.4.1.

4.2.3 Data Acquisition

Amazon Mechanical Turk Dataset

We used the Amazon Web Services to save collected data from the HITs. Amazon

S3 [231] was used for storage to save the raw data after participants completed the

task. Each survey code corresponded to a folder for each participant, and the raw

data was saved in a CSV �le.

EEG Dataset

All information about the acquisition of the EEG dataset has been provided in

Section 3.4.2.

4.2.4 Data Preprocessing

Amazon Mechanical Turk Dataset

For each response in the prediction data, we remove punctuation and convert them

to lowercase. Additionally, we also conducted checks to ensure the data quality.

Namely, any spelling errors were corrected; for instance, `mornin' is a typo for `morn-

ing', `brige' is a typo for `bridge'. Another scenario involves participants typing too

quickly, pressing adjacent keys on their keyboards, resulting in grammatically incor-

rect words such as `sround' instead of `around' because the character `s' is next to

`a'. Importantly, these errors were not due to participants predicting incorrectly but

would ultimately impact subsequent analyses. If a (misspelled) word only di�ered

by one letter to its correct version (i.e. including a letter, removing a letter, or

changing a single letter), the misspelling was recti�ed in the preprocessing stage.
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Each response corresponded to a word at a unique location in the article. Keep-

ing the words as indices ostensibly results in duplicates for analysis. Importantly,

however, even though the words are the same, people may have di�erent predictions

or thoughts based on the context of the sentence, the topic, or their knowledge [6,

232]. Thus, we combined the position and story index for each word to create new

indices.

In order to organise the necessary information for use, we designed three schemas

corresponding to questions and predictions. All 100 results for each story were also

saved in CSV �les. We have published the dataset (both raw and preprocessed

data) on the Open Science Framework (OSF). Please refer to the OSF project [39]

for more information about data organisation, an introduction, size, authors, and

schema of the DERCo dataset.

EEG Dataset

As discussed in Subsection 3.4, our results demonstrated that although the Au-

toreject + ICA + ICLabel pipeline outperformed other approaches in terms of

mean-based SNR improvement, it was also the most time-consuming preprocess-

ing pipeline. In contrast, the FASTER + ICA + ICLabel pipeline achieved the

highest decoding accuracy in the classi�cation task and and consumed the least

computational time compared to other pipelines. Consequently, we combined these

two pipelines to preprocess the EEG data in this study, aiming to balance accuracy

and e�ciency.

The raw epochs were then input into an EEG epochs data preprocessing pipeline

(as described in Figure 4.3) to create preprocessed epochs. The description of the

preprocessing is outlined below.

First of all, the raw EEG epochs were imported into the pipeline using the MNE

package version 1.4 [233]. Common average referencing (CAR) was applied to all

data. The next stage of the pipeline aimed to mitigate artifacts in the EEG record-

ings. The initial step involves outlier removal using FASTER [168]. Epochs were
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Figure 4.3: The EEG epochs data preprocessing pipeline.

rejected based on a global threshold on the z-score, exceeding 3 standard deviations

for epoch amplitude, deviation, and variance range. The outputs were then prepro-

cessed by applying ICA [234] to further improve the SNR. The number of principal

components generated from the pre-whitening principal component analysis (PCA)

step was selected based on the percentage of explainable variance. In this study, 99%

explainable variance was used, which was accounted for by the principal components

retained after dimensionality reduction.

ICA allows the decomposition of EEG signals into ICs, and then the corrected

EEG signals can be obtained by discarding ICs containing artifacts [180]. The

Picard algorithm [194] was used for maximum likelihood independent component

analysis. To automatically determine which ICs contain artifacts, we applied the

ICLabel classi�er [171]. The remaining ICs were then reconstructed to create clean

EEG epochs.

Following the ICA process, Autoreject [170] was applied for automatically iden-
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tifying and removing artifacts. Autoreject uses unsupervised learning to estimate

the rejection threshold for the epochs. In order to reduce computation time, which

increased with the number of epochs and channels, we �tted Autoreject on a rep-

resentative subset of epochs randomly picked from 25% of the total epochs. The

number of cleaned epochs ultimately was less than or equaled the number of raw

epochs. Importantly, this means for some word indices in stories there are no corre-

sponding EEG epochs after trial rejection for some participants.

Data Records

The dataset is available on the OSF website [39]. There are two main folders cor-

responding to two experiments: the Behavioural Word-Prediction Experiment and

the EEG-based Reading Experiment. The behavioural word-prediction experiment

folder consists of three subfolders: �experienced_question�,�prediction�, and �ques-

tion�. Each subfolder contains 5 CSV �les corresponding to the participants' re-

sponses across 5 articles. Supplementary File 2 contains all the questions asked in

the experiment.

In the EEG-based reading experiment folder, there is an �answers� folder con-

taining the answers of all participants collected after they completed reading each

article. The main folder �EEG_data� has two subfolders: �raw� and �preprocessed�,

which have the same structure. They contain 22 subfolders, each corresponding to

a participant. Each participant's folder has �ve subfolders for �ve articles, named

�article_0�, �article_1�, etc. In each article folder, there is an epoch �le in �f format.

The directory tree for the repository of the DERCo project is shown in Figure 4.4.

4.3 Technical Validation

In this section, we examine next-word predictability � a key aspect in reading be-

haviour [235] � to validate that the word-level predictability measures calculated

in the behavioural word-prediction experiment dataset can be meaningfully inte-
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Figure 4.4: The structure of the dataset

grated with the EEG-based reading experiment dataset. To achieve this, we created

the DERCo dataset using data collected from two experiments: the �Behavioral

Word-Prediction Experiment� and the �EEG-based Reading Experiment�. After

applying the techniques described in the Data Preprocessing section, we obtained

neural responses based on word-level and semantic-level information. However, we

could not collect the exact predictions of the next words for each participant using

the EEG-based reading experiment. Therefore, the behavioral word-prediction ex-

periment was carried out with a large sample size to measure the predictability of

each word (at a group level) in the texts. By combining the data collected from

both experiments, we have EEG responses and predictability values for each word
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in the articles. The data in the behavioral word-prediction dataset was validated to

demonstrate participants' pro�ciency in predicting subsequent words and to assess

participants' reading comprehension of the articles. Given the signi�cant results at

the semantic level, we then analyse next-word predictability based on EEG signals

at the word level using the predictability measures calculated from the behavioural

word-prediction experiment dataset. This validation exercise is crucial to demon-

strate that these two datasets are meaningfully aligned, ensuring they can be used

together for e�ective analysis and investigation.

4.3.1 Behavioural Word-Prediction Dataset

Using the general questionsin each story (see Appendix C.2), we estimated a par-

ticipant's prior knowledge of the recently read narratives and identi�ed whether the

articles used excessively advanced or unusual vocabulary. The result indicated that

a signi�cant majority of subjects, ranging from 98% to 100% of the total, had not

read the stories before. Despite the unfamiliar stories, most participants agreed that

no advanced or uncommon words were used. Only the �nal and longest story had

agreement from 89% of participants, whereas the other articles achieved percentages

between 95% and 98%.

As an estimate of participants' overall reading comprehension (as a proxy mea-

sure to ensure participants correctly read the texts), a proportion was calculated

based on the number of correct answers to multiple-choice questions for each sub-

ject. As a result, a substantial number of participants, between 98 and 100 partici-

pants, showed a performance greater than or equal to 60%, indicating their ability to

comprehend and recall the stories' content to provide accurate answers after reading.

The ability to anticipate upcoming words is commonly linked with the �cloze

probability� or �cloze value� [47, 236, 237]. It is calculated as the proportion of

participants that picked the same target word for the next word prediction. Cloze

values range from 0 to 1, where when 0 indicates that no participant predicted the

same next word, and 1 indicating all participants predicted the same next word.
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Notably, high predictability was observed for all words from all parts of speech in a

sentence, and not just the last words in a sentence. More than 1000 words out of

about 3,000 words in all articles had a cloze probability higher than 0.5. Of these,

62.74% of words were functions words, 20.32% were nouns, 6.24% were verbs, 5.35%

were adjectives and verbs, and 5.35% were classi�ed as other. The parts of speech

were identi�ed using the Python library IPA [238].

Table 4.2 provides further information about prediction accuracy for each story

and word categories, including content words (nouns, verbs, adjectives, and ad-

verbs), function words, and others. The accuracy refers to the percentage of times

participants correctly predicted the upcoming words in the story. We found that the

number of sentences decreases in the order of articles 4, 5, 1, 2, and 3, corresponding

to a reduction in the percentages of content words in the same sequence (38.77%,

35.48%, 31.67%, 24.46%, and 19.59%). As a result, articles with more sentences

show higher accuracy in predicting content words (nouns, verbs, adjectives, and ad-

verbs). For all words, we included the descriptive statistics in Appendix C.5. These

�ndings suggest that humans are pro�cient in anticipating next words in narrative

texts when asked to do so.

Story Accuracy No.
words
(p � 0.5)

% nouns % verbs % adjs &
advs

%
func-
tion
words

% others

1 45.02% 180 23.89% 5.00% 2.78% 60.56% 7.78%
2 40.95% 139 15.83% 2.16% 6.47% 72.66% 2.88%
3 41.34% 148 14.19% 2.70% 2.70% 75.00% 5.41%
4 55.32% 294 21.77% 7.14% 9.86% 56.80% 4.42%
5 41.60% 248 22.18% 10.48% 2.82% 58.47% 6.05%

Total 45.17% 1009 20.32% 6.24% 5.35% 62.74% 5.35%

Table 4.2: Human next-word prediction performance. % shows the percentage of
correctly predicted words for each story and part of speech. �No. words (p� 0.5)�
shows the number of words with a cloze probability above .5.

4.3.2 Neural Responses in Reading

The experimental design di�ered between the behavioural word-prediction exper-

iment and the EEG-based reading experiment due to their distinct requirements,
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as mentioned in the procedure sections for both experiments. For the online ex-

periment, the cloze procedure was appropriate, allowing participants to type their

predictions for upcoming words. However, this method was unsuitable for the EEG-

based reading experiment, which required precise time-locking of stimulus presen-

tation to enable ERP analysis [158]. Despite the di�erences in the stimulus pre-

sentation paradigms between both experiments, we show signi�cant results, demon-

strating that word-level predictability measures calculated in the behavioural word-

prediction experiment dataset can be meaningfully integrated with the EEG-based

reading experiment dataset, as outlined below.

EEG data was segmented into epochs, starting 50 ms before and lasting 550 ms

after the word-onset. Each grand-averaged word ERP was calculated by averaging

the neural responses across participants for each channel generated by a given word.

Figure 4.5 shows the EEG averages across all words for 32 electrodes in the �rst

article between all subjects and a selected individual (user-id = JPY86). Consistent

with the �ndings of the previous study by Dimigen et al. [199], we can see a positive

peak at around 100 ms post-word onset, also known as P100. A second positive

peak (P200) can be identi�ed at around 200 ms after word-onset.

For a technical validation, that incorporated both the behavioural word-prediction

dataset (Mechanical Turk) with the EEG dataset, we investigated N400-like compo-

nents within the 300 - 500 ms time window. The ERP was examined across midline

electrodes Fz (Midline Frontal), Cz (Midline Central), Pz (Midline Parietal), and

Oz (Midline Occipital). Using midline electrodes in EEG studies provides balanced

recordings of brain activity. They capture signi�cant neural activity from central

brain regions involved in cognitive processes, reduce hemispheric lateralisation ef-

fects, and ensure consistency and comparability due to their standardized use across

studies [239].

We used two non-overlapping groups oflow predictablewords (clozep � 0:06,

n = 989), and high predictablewords (clozep > 0:52, n = 962), calculated from the

Mechanical Turk dataset. Figure 4.6 provides a more detailed view of the topogra-
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Figure 4.5: Butter�y plots for EEG averages across all words in article 1(a) across
subjects(b) single subject (JPY86). Each time-series line graph corresponds to an
electrode.

phies of response di�erences between conditions across time, computed averages of

300 - 500 ms range in RSVP and RSVP with �ankers, respectively. The color in-

tensity indicates the mean ERP amplitude across all participants for the low and

high predictability groups. As shown in Figure 4.6, the e�ect of word predictability

actually modulated the ERP evoked after the word onset.

In order to capture variability in cloze values, we applied an independent samples

t-test on the high and low predictability, and plotted the ERP waveforms between

these conditions to examine ERP activity in the time window of 300 - 500 ms.
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Figure 4.6: Scalp distributions of the response for low predictable words, high pre-
dictable words, and the di�erence between low and high predictable words (low
minus high) in (a) RSVP experiment and(b) RSVP-with-�anker experiment. Am-
plitudes (�V ) were averaged in 300-500 time window (for all electrodes).

Results from the t-test on midline electrodes and the corresponding visualisations are

presented in Figure 4.7. Post-hoc t-tests revealed signi�cant di�erences (p < 0:05)

between high and low predictability at all mid-line electrodes in between 300 and 500

ms post stimulus in both RSVP and RSVP-with-�ankers paradigms. If conducting

t-tests for all channels, approximately 70% electrodes showed signi�cant di�erences

(p < 0:05) in both experiments. In the RSVP paradigm, nine electrodes (FC1, C3,

TP9, P7, TP10, T8, FT10, FC6, and F4) had no predictability e�ect in the 300

- 500 ms range between two conditions. The predictability e�ect was not found

for ten channels (Fp1, FC1, C3, P7, TP10, T8, FT10, FC6, F4, and Fp2) in the

RSVP-with-�anker experiment at the same time window.

These validation results show one potential analysis trajectory that necessitates

the use of both the behavioural word-prediction dataset and the EEG data. More-

over, it validates that the word-level predictability measures calculated in the be-

havioural word-prediction experiment dataset can be meaningfully integrated with

the EEG-based reading experiment dataset. Importantly, such analyses could not

be performed with one dataset alone.
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Figure 4.7: ERP activity for midline electrodes in RSVP experiment (left) and
RSVP with �ankers experiment (right). The time range of signi�cant di�erences
(p < 0:05) between 300ms and 500ms post-stimulus are indicated.

4.4 Discussion

4.4.1 Conclusion

In this chapter, we presented a new, freely available corpus of electrical brain ac-

tivity recordings during reading and annotation. This dataset demonstrates the

relationship between these two reading paradigms. We described the materials and

experimental design in detail and conducted an extensive validation to ensure the

quality of the recorded data. Since this corpus is tailored for next-word prediction
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examination, the applications and reusability of this data are extensive. While this

work does not directly address a speci�c research question in the dissertation, the

DERCo dataset results from the �rst research question (RQ1) and serves as a crucial

foundation for investigating the subsequent research questions (RQ2 and RQ3) in

the thesis.

The provided word-level EEG features can be utilised to enhance and evaluate

LMs, for example, by assessing linguistic phenomena in neural models using neu-

rolinguistic data. Additionally, because the words include semantic relation labels

and annotations from all participants, the dataset can be broadly applied to tasks

such as relation extraction and classi�cation. Finally, the two carefully designed

reading paradigms enable comparisons between normal reading and reading during

annotation, which may contribute to improving the manual labelling process and

enhancing the quality of annotations for language models

We believe that this dataset represents a valuable resource for natural language

processing. As demonstrated in Chapter 5, this dataset is useful for advancing

research into the human reading and language understanding process at the level of

brain activity. Moreover, in Chapter 6, the EEG data is used to explore human-like

reading predictability in various LMs.

4.4.2 Limitations

Although the EEG and behavioral word-prediction datasets provide a novel per-

spective on reading behaviors, some limitations still exist. Firstly, while the exper-

imental design for EEG collection simulates a closer approximation of the natural

reading scenario, it is still not completely naturalistic. However, because we focused

on word-level EEG responses, a free-viewing paradigm was deemed unsuitable, and

moreover, due to how eye movements generate artefacts in EEG. This is because peo-

ple tend to skip easily predictable[128] or high-frequency words[129]. Additionally,

temporal overlap occurs between the ERPs during longer saccades or regressions

in a sentence when using free-viewing paradigms[111]. Thus, researchers need to
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consider this when proposing hypotheses using this dataset.

Secondly, another limitation of the experimental setup is that instead of using two

di�erent groups of participants for the EEG experiment, one for the classic RSVP

experiment and another for the RSVP-with-�ankers experiment, we used the same

participants for both. We used RSVP for the �rst three stories and RSVP-with-

�ankers for the remaining two, which reduced the total number of words available

for analysis in each condition. This decision allowed for the EEG dataset to support

analysis of the two RSVP conditions, whilst maintaining a su�cient number of

participants for each.

Lastly, our EEG experiment participant pool was limited due to an unbalanced

division of gender (approximately 68% male and 32% female). This gender imbal-

ance should be remedied in future to achieve equal representation of each gender,

because this gender distribution could have skewed results or prevented an e�ect

from becoming signi�cant due to lack of power [240]. However, our research pri-

marily aimed to analyse next-word prediction behavior in adults aged 18 years and

older, rather than focusing on gender di�erences. It should be acknowledged that

several similar brain activity studies in reading experiments have also had unbal-

anced sample sizes for gender [201, 214, 223�225].
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Chapter 5

Decoding EEG Signals to Explore

Next-Word Predictability in the

Human Brain

This chapter aims to address the research question�Are neural responses to

upcoming words sensitive to quantitative di�erences in lexical categories

and grammatical categories?� While traditional ERP analyses, such as univari-

ate approaches, have limitations in providing interpretable visualisations, capturing

individual variability, and recognising complex patterns, advanced EEG decoding

techniques o�er enhanced sensitivity, multivariate analysis capabilities, and greater

interpretability. This study demonstrates the e�cacy of EEG decoding techniques

while providing empirical evidences of the neural mechanisms underlying bottom-

up (related to high-order linguistic structure) and top-down (related to next-word

predictability) processes, which interact to guide comprehension during reading.

We examined how predictability, measured by cloze probability, in�uences brain re-

sponse di�erences between content words (nouns, verbs, adjectives, and adverbs)

and function words (pronouns, determiners, auxiliaries, and adpositions), particu-

larly focusing on the N400 time window (300-500 ms post-stimulus), known for its

sensitivity to semantic incongruities and predictability in reading. Our results in-
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dicated that highly predictable words generate more signi�cant di�erences in N400

e�ects across lexical classes compared to less predictable words. Moreover, sig-

ni�cant di�erences in N400 responses between high and low cloze probability levels

were greater for content words than function words. Among grammatical categories,

verbs exhibited greater N400 di�erences than nouns in content categories, but nouns

carried more distinct information about their predictability. In contrast, determin-

ers showed more signi�cant N400 e�ects than other function categories, re�ecting

their varying roles and predictability in narrative contexts.

5.1 Introduction

5.1.1 Next-Word Prediction Behaviour Observation

The cloze probability measure serves as a proxy for word predictability within a

given context (as described in 4.3.1). Words with high cloze probability typically

involve a reduced cognitive load because they align closely with contextual expec-

tations. In such cases, the brain can e�ciently predict and integrate these words

based on the surrounding context, often resulting in attenuated neural responses,

particularly in regions associated with e�ortful processing [241]. Conversely, words

with low cloze probability require increased cognitive e�ort for processing. When

encountering these less predictable words, the brain might need to engage additional

neural resources to successfully integrate them into the context, potentially resulting

in enhanced or distinct patterns of neural activity [84].

Traditionally, words are grouped into two basic types of words: content (open-

class) and functions (closed-class) words. Content words include nouns, verbs, ad-

jectives, and most adverbs. These word types convey speci�c semantic information

about objects and events. Function words on the other hand comprise pronouns,

determiners, auxiliaries, and adpositions, and serve as structural elements in phrase

construction. Importantly, the di�erent word classes di�er on a variety of other

dimensions as well [242, 243]. For example, content words, on average, are less fre-
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quent, have more letters, are more concrete, have higher ratings for imageability,

etc. Furthermore, the semantic representation of verbs is typically more complex

than that of nouns because verb meanings are more �exible than noun meanings in

di�erent semantic contexts [244, 245].

5.1.2 ERPs E�ects in Lexical Classes

Neville et al. [34] indicated that content words elicited a larger amplitude N400

component, peaking between 350-400 ms over posterior regions, whereas function

words elicited a much smaller N400 response. Münte et al. [35] supported these �nd-

ings, noting that both word classes could elicit N400 responses, but the amplitude

was signi�cantly smaller for function words, particularly high-frequency ones, which

also showed a frontal negativity from 400 ms onwards (N400�700). Osterhout et al.

[36] observed similar patterns, with a large negative peak at 400 ms (N400) that

was most pronounced over midline and right-hemisphere electrode site for content

words, while function words exhibited more enhanced negativity from 400-700 ms

(N400-700). He et al. [208], focusing on high-frequency words, found that content

words elicited more negative N400 responses at midline electrode sites compared to

function words, consistent with previous �ndings [34, 35]. Collectively, these studies

indicate that the N400 component varies signi�cantly between content and function

words, potentially re�ecting di�erent access processes for di�erent lexicons for the

two word classes.

5.1.3 ERPs E�ects in Grammatical Categories

Besides research concerning word classes, grammatical categories and predictability

also in�uence N400 amplitude, re�ecting sensitivity to a common stage of bottom-

up processing. The N400 amplitude is signi�cantly more enhanced for nouns that

are unexpected or inappropriate given their preceding context [246]. The N400

response was found for most nouns, and even the most highly unexpected nouns,

even when they are contextually inappropriate. The more predictable the noun, the

91



Using EEG Signals To Examine Next-Word Predictability of Language Models in Reading

less negative the N400 response [47]. Larger amplitudes for verb processing than

noun processing has been observed in the N400 time window [247, 248]. Münte et al.

[35] observed that the N400-700 e�ect was also sensitive to the very high frequency

closed class words, such as determiners.

Additionally, Osterhout et al. [36] reported that di�erent categories elicited a

negative-going component peaking between 280 and 400 ms, with speci�c peaks for

articles (N293), prepositions (N313), pronouns (N306), auxiliary verbs (N310), and

later for verbs (N319) and nouns (N328).

5.1.4 Traditional ERPs Analysis Techniques

In major studies testing hypothesis on word classes and predictability with respect

to brain language processes, researchers frequently use univariate analyses such as t-

tests and analysis of variance (ANOVA) [34�36, 247]. These inferential statistics help

researchers understand how neural signals di�er between di�erent lexical classes,

enabling them to deduce the systematic relationships between word groups and

predictability a�ecting ERPs. These analyses involve measuring grand-averaged

ERP responses, characterised by a sequence of peaks and troughs within a speci�c

time period for each condition at one or more electrode sites, and indicate whether

the amplitude di�erences between conditions or groups are statistically signi�cant.

These conventional tests often fall short in capturing the complete range of cognitive

processes involved due to certain limitations as mentioned below.

EEG data is typically recorded from 32, 64, 128, or even more electrodes [249];

however, the analyses often concentrate on a single electrode site or a subset of

electrodes where the component of interest is largest to maximise the signal [250].

Researchers then apply univariate statistical analysis methods to examine di�er-

ent conditions on each electrode site. This classic approach signi�cantly increases

the risk of false negatives [251, 252], and is associated with low statistical power

[158]. Although mass univariate analyses allows researchers to run tests at all time

points and electrode sites between conditions, they also encounter reduced statisti-
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cal power [253]. Another major shortcoming of these univariate approaches lies in

their assumption of the same scalp distribution for a given ERP component across

all subjects. However, individual subjects typically have unique cortical patterns

[254], especially in reading.

5.1.5 Classi�cation-Based Decoding Techniques

To overcome the limitations of traditional statistical techniques, researchers have in-

creasingly adopted multivariate pattern analysis (MVPA) approaches in recent years

[255, 256]. Several ML algorithms, including support vector machines (SVM), linear

discriminant analysis (LDA), and random forests (RF), also known as MVPA clas-

si�cation or classi�cation-based decoding, have demonstrated exceptional robust-

ness and adaptability in distinguishing subtle distinctions between di�erent stimu-

lus groups by analysing voltage patterns across multiple electrode sites [257]. These

decoding techniques have been proven more e�ective compared to conventional ERP

analysis in classifying EEG signal patterns at the individual subject level, addressing

the challenge of variability in individual neural responses [258]. Additionally, MVPA

methods can analyse EEG signals before word onset in reading experiments without

being as a�ected by ERP overlap issues [259, 260], which are di�cult to adequately

address with statistical and mathematical analysis techniques alone [158, 261]. This

is evident from studies related to word information activation and prediction during

reading [76, 204], as well as sentence processing [262�264].

In this chapter, in addition to using the conventional ERPs analysis method,

we leverage the emerging decoding approach to add evidence about the nature of

top-down processes and their relation to bottom-up information processing during

reading comprehension. Using the DERCo dataset [39] (previously described in

Chapter 4), a linguistic resource that integrates EEG data with next-word predic-

tion information from participants reading narratives, we investigate in�uences of

predictability on neural responses between linguistic units. This work's purpose is

also to addressRQ2 by examining various dimensions:
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ˆ Do di�erences in word class explain the N400 di�erences observed at various

cloze probability levels?

ˆ To what extent does the recognition of grammatical categories drive top-down

processing?

ˆ Do highly predictable words generate stronger N400 e�ects across lexical classes

compared to less predictable words?

Furthermore, by using an EEG-based classi�cation approach, we aim to investi-

gate �Does the decoding-based approach increase e�ect sizes and statistical power in

detecting N400 amplitude di�erences between two conditions in reading, compared

to traditional ERP analysis methods?�

5.2 Method

5.2.1 EEG Recording and Data Preparation

This study made use of the DERCo dataset collected by Quach et al. [39]. For more

detailed description of the participants, experimental design, recording procedures,

data processing, please refer to Chapter 3 and Chapter 4. High-density EEG data

was recorded using electrode 32-channels placed according to the international 10�20

system [193] over the left hesmisphere electrodes (C3, CP1, CP5, F3, F7, FC1, FC5,

Fp1, FT9, O1, P3, P7, T7, TP9), midline electrodes (Cz, Fz, Oz, Pz), and right

hemisphere electrodes (C4, CP2, CP6, F4, F8, FC2, FC6, Fp2, FT10, O2, P4, P8,

T8, TP10) locations.

As the purpose of these analyses was to examine neural responses across word

classes, grammatical categories, and varying cloze probability levels, it was necessary

to incorporate this information into the metadata. Parts of speech were identi�ed

using the Python library IPA [238]. This library allows us to extract and categories

the grammatical function of each word within a sentence. For example, in the

sentence �She quickly reviewed some detailed reports with her team,� the parts
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of speech are categorised as follows: She (pronoun), quickly (adverb), reviewed

(verb), some (determiner), detailed (adjective), reports (noun), with (adposition),

her (pronoun), team (noun). In terms of cloze probability, we utilised the same

two distinct groups (high versus low) extracted from the Amazon Mechanical Turk

dataset as in the original study (see Chapter 4). This decision was based on their

validation, which indicated signi�cant di�erences in N400s (300-500 ms) across most

electrodes. Two di�erent sets of EEG epoch data and annotations were extracted

according to word classes (content and function words) and cloze probability (high

and low cloze word levels).

After preprocessing, the number of trials for high and low cloze probability levels

in terms of lexical classes or each grammatical category varied between participants.

To address this, we standardised the number of trials used for analysis across sub-

jects by determining the smallest number of trials at each cloze probability level

across participants and setting these as a baseline. We then randomly selected an

equivalent number of trials from other participants, ensuring that the distributions

of these selected trials (based on cloze values) closely matched the baseline distribu-

tions. This random selection process was guided by the Kolmogorov-Smirnov test,

which assessed the similarity between distributions. The process iterated up to 5000

times, each time randomly selecting a subset and computing the KS statistic, with

the subset yielding the lowest KS statistic considered the best match. For exam-

ple, for content words, the smallest number of trials for high cloze probability was

observed in subject �TRA37� with 212 trials, and that of low cloze probability was

found in subject �QFT39� with 413 trials. We extracted the cloze values from each

trial to build the distribution baseline, and then used this distribution to select the

corresponding EEG data from other participants.

In our EEG epochs, the number of trials for adjective and adverb words was

signi�cantly small, less than 16 trials. This did not meet the minimum sample

size required to produce statistically signi�cant results with a reliable e�ect size

[265]. Moreover, Rajput et al. [266] demonstrated that as sample size increased,
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e�ect sizes and classi�cation accuracies between two classes also increased, while

variances in e�ect sizes decreased. This e�ect was observed when they examined

�ve ML classi�ers, starting with a sample size of 16. Consequently, we did not

analyze these two grammatical categories to avoid potentially misleading outcomes.

Nevertheless, we still included words from these classes in the content word category

for the lexical group and cloze probability analyses.

5.2.2 Univariate Analysis

Traditional univariate analysis involves calculating a di�erence wave between two or

more conditions for a given ERP component for each participant. In our experiment,

the EEG epochs were recorded from 32 electrode sites over 20 participants, requiring

multiple comparisons. The most common statistical approach to dealing with this

issue uses data clustering combined with permutation testing [267]. By examining

data across all electrode sites, these analyses ensure comprehensive spatial coverage,

increase the statistical power, control for multiple comparisons, and allow for the

identi�cation of a cluster of electrodes where the component of interest is largest [251,

253, 267]. In the standard univariate approach, the di�erence in ERP amplitude

between the two conditions is quanti�ed at multiple time points. For the mass

univariate analyses, we have a signi�cantly larger set of (channel, time) pairs, also

referred to as samples, wherein we aim to examine the N400 e�ect.

Di�erence waveforms re�ecting next-word prediction e�ects were computed for

two word classes by subtracting ERPs of function words from ERPs of content

words. The same procedure was applied for lexical class e�ects, and grammatical

category e�ects, on cloze probability levels. The time course of the di�erence wave-

forms between the two conditions was compared in the latency range from� 100to

500 ms after word onset, with a preliminary point-wise independent samples t-test

identifying clusters that included data points falling below the cluster alpha level

(p < 0:05). This p-value directly corresponds to two t-values given the number of

participants, e.g. for 20 subjects the t-values corresponding top < 0:05 are � 2:093
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and 2:093. After calculating the t-values for each time point, the sum of all t-values

in each cluster was used to create several cluster-level statistics.

This preliminary clustering procedure was followed by a permutation procedure

that involved randomly shu�ing the cluster values N times to determine the size of

clusters expected by random chance. For each permutation, new clusters were iden-

ti�ed and the corresponding cluster values were derived. The largest absolute t value

(tmax ) across all time points and channels amongst all of the cluster-level statistics

is used to identify where within that permutation distribution it falls. Clusters were

considered signi�cant if the probability of observing a larger cluster value in the

new distribution was below the signi�cance level on both sides. Regions of interest

were de�ned based on the scalp topographies of the time windows identi�ed by the

permutation procedures.

It is obvious that the mass univariate analyses require computation of multiple

sample-speci�c t-values to evaluate the e�ect's reliability. However, in comparison

to single-sensor analyses, the multiple comparisons problem is signi�cantly stronger

in this context: with 32 EEG sensors and 200 temporal points (300 and 500 ms post-

stimulus), we generate 6,400 t-values. The cluster-based permutation test (10,000

times) for multi-channel analyses is similar to that for single-channel analyses, dif-

fering primarily in one aspect: rather than clustering based solely on temporal

adjacency, we now cluster the selected (channel, time) samples based on both spa-

tial and temporal adjacency. Once clusters of (channel, time) samples are identi�ed,

those with p-values exceeded the critical two-sided alpha-level (0.05) are considered

insigni�cant. The false discovery rate (FDR) is calculated and used to correct for

multiple comparisons [268]. Each signi�cant cluster represents a contiguous block

of activity across time points and potentially across electrode channels. From these

clusters, we can extract the optimal group of electrode sites within the N400 win-

dow. By averaging the di�erence waves for all participants across an optimal cluster

of electrode sites, we can approximate the location of an equivalent current dipole

that best accounts for the N400 e�ect.
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Note that if the approach does not yield any optimal electrode sites using FDR

correction, we will select optimal channels without applying the correction. Ad-

ditionally, if no optimal cluster is identi�ed in the N400 time window (labeled as

�None� in Table 5.1), all electrode sites in that region will be used for the analyses.

Table 5.1 outlines all parameters for the testing cases and the results of the opti-

mal clusters of electrode sites in the N400 time window across three scalp regions:

left hemisphere electrodes, midline electrodes, and right hemisphere electrodes. For

comparison with the SVM-decoding technique, we will use the same measurement

time window, from 100 ms pre-stimulus onset to 500 ms post-stimulus onset.

5.2.3 SVM-Based Decoding Analysis

SVM is particularly e�ective in decoding EEG/ERP data due to their ease of imple-

mentation, ability to handle non-linear relationships in high-dimensional spaces, and

strong performance with small training sets [257]. Compared to other ML models,

such as linear discriminant analysis and random forests, SVM has demonstrated su-

perior performance in examining N400 e�ects of prediction and semantic relatedness

[258]. Therefore, we applied SVM in this study to compare its performance with

that of the traditional univariate technique.

SVM was initially developed for binary classi�cation problems [269] and has

grown over the years [270]. The SVM algorithm aims to �nd an optimal hyperplane

that separates two classes of data points. For our analyses, these classes would be

content vs. function word classes, and high vs. low cloze probability words. Given

a set of EEG epochsf x i ; i = 1; : : : ; Ng, wherex i 2 RN represent the feature vector

for the i th epoch, and their corresponding labels from two classesyi 2 f� 1; 1g. The

classi�cation problem is formulated as:

y(x) = wT � (x) + b; (5.1)

where w is the weight vector, � (x) is the mapping of the input feature space to a
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higher-dimensional space, andb is the linear classi�cation bias.

SVM searches for the optimal hyperplane that has a maximum margin between

the nearest positive and negative samples. This optimisation problem can be for-

mulated as:

arg min
w;b;�

1
2

kwk2 + C
NX

i =1

� i subject to: yi (wT � (x i ) + b) � 1 � � i ; � i � 0; (5.2)

where � i are the slack variables for misclassi�cation, andC acts as a regularisation

parameter controlling the misclassi�cation level for the training samples.

The introduction of the Lagrange multipliers � = f � i i = 1; : : : ; Ng converts

the problem 5.2 into a maximisation problem with respect to� , as explained in

[271]. However, when the problem is very noisy, even though kernels can represent

non-linear decision boundaries, the problem may become very hard to solve compu-

tationally. To address this issue, an approach is proposed that allows SVMs to make

certain number of misclassi�cations while maintaining a maximally wide margin, so

that other points are still classi�ed correctly. This is obtained simply by introducing

a control parameter,C, which allow the violation of the margin constraints [272].

This is called the soft-margin problem, for which the optimisation problem can be

expressed using the following dual formulation:

max
�

D 
 (� ) =
NX

i =1

� i �
1
2

NX

i =1

NX

j =1

� i � j yi yj K 
 (x i ; x j ) (5.3)

subject to: 8
>><

>>:

0 � � i � C; 8i

P N
i =1 yi � i = 0; 8i

whereK 
 denotes the kernel function.

One of the most advantageous features of SVMs is their ability to use a nonlinear

kernel function to transform input data into a high-dimensional feature space. In

EEG studies, we typically have more than two electrode sites. Our EEG data was
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recorded from 32 channels, and all sites were input simultaneously for decoding,

resulting in a 32-dimensional space. The iterative learning process of the SVM

devises an optimal hyperplane with the maximal margin between each class in the

high-dimensional feature space. Consequently, the maximum-margin hyperplane

forms the decision boundary for distinguishing the neural responses associated with

di�erent stimulus classes [272].

The radial basis function (RBF) kernel is one of the most widely used nonlinear

kernels and can be regarded as a restricted version of general Gaussian distribution.

The RBF kernel function for two points computes the similarity or how close they

are to each other. This kernel is de�ned as:

K 
 (x; x i ) = exp( � 
 kx � x i k2); (5.4)

where 
 is the variance and our hyperparameter, andkx � x i k is the Euclidean

distance between two feature vectors.

For better generalisation performance, it is sometimes bene�cial to allow a few

misclassi�cations when setting up the decision boundary. The trade-o� between

accuracy and generalisation is controlled by an adjustable regularisation parameter

C. Noted that small values of C cause the optimizer to look for a hyperplane with

a large-margin separation, probably result in misclassify some points. Conversely,

large values ofC lead to a search for a smaller-margin hyperplane to better classify

all the training points.

5.2.4 Analysis Procedures

The decoding process has separate training and testing phases. The �owchart in

Figure 5.1 illustrates the approach to EEG data decoding using an SVM with an

RBF kernel. The process begins with the collection of neural data from multiple

subjects, where each participant's data is organised into a 3-dimensional array cor-

responding to trials, electrode sites, and time points. To reduce the potential bias,
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the trials are randomly shu�ed, mitigating order e�ects and ensuring better gener-

alisation. Single-trial EEG epochs are often too noisy to e�ectively decode subtle

stimulus classes. An increased signal-to-noise ratio can be achieved by randomly

dividing the data into M sets of approximately a certain number of trials each, cre-

ating an averaged ERP for each set [257, 273]. Many previous studies [257, 273,

274] have used multiple sets of 10�20 trials and achieved the highest or near-highest

performance in classi�er accuracy. Therefore, averaging around 15 trials was utilised

in this study. For example, if there were 80 high cloze trials and 80 low cloze trials

for the content word class, we could average each set of 16 trials to create 5 ERPs

for each condition. This approach also helps capture within-subject variability and

assess decoding reliability.

The averaged ERPs are then subjected to strati�ed K-fold cross-validation [271],

a technique that addresses the unbalanced distribution of classes and minimizes

over�tting risks [257, 275], ensuring each class receives fair representation in both

training and validation phases. Therefore, the SVM-based decoding is repeated

K times. For each round, an SVM classi�er with an RBF kernel is trained on

K-1 folds and tested on the remaining fold. As in the main decoding procedure,

this procedure was applied to each time point independently. Decoding accuracy

is de�ned as the proportion of test cases that are correctly classi�ed. In order to

increase the resolution of the decoding accuracy, the entire process is iterated L

times for each participant. For each iteration, we re-randomised the assignment of

trials to averages and trained new SVMs.

If the neural pattern over the 32 electrodes contains information about lexical

classes or predictability, then decoding accuracy should be greater than chance,

which was 0.5 because we focus on binary classi�cations (e.g., content versus function

words, high versus low probability). To compare decoding accuracy to chance at

each time point while controlling for multiple comparisons, we used a cluster-based

permutation technique similar to that in Section 5.2.2. We used one-sample t test to

compare the mean accuracy across participants to chance. However, one-tailed tests
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