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 A B S T R A C T

Humans differ in the language experience that they accumulate, due to differing interests, reading habits and 
profession. This experience can be expected to affect their linguistic expectations when reading texts from 
domains that are very familiar to them. The present article explores whether language models trained to 
match the experience of readers produce surprisal estimates that more accurately predict the reading times of 
those readers than the usually employed general language models. We use a German eye-tracking corpus of 
biology and physics students reading expository texts from these domains. We adapt a neural language model 
to the experience of these two groups of readers via two domain adaptation methods and varying amounts of 
training data. The evaluation against one early and two late reading measures suggests that aligning language 
models with the readers’ experience to predict the processing effort results in a better fit on late measures 
than using a model with a high linguistic accuracy. Our findings highlight the opportunities for exploring the 
cognitive plausibility of language models with respect to psychological constructs.
Introduction

Surprisal, as defined by Hale (2001) and Levy (2008), quantifies 
the predictability of a linguistic unit, such as a word, within a given 
context. It has emerged as a key construct in psycholinguistics for 
modeling human processing effort during language comprehension. 
Numerous studies have linked surprisal to behavioral measures like 
reading times (Demberg & Keller, 2008; Smith & Levy, 2013; Wilcox 
et al., 2020) and neural responses such as the N400 (Frank et al., 2015; 
Michaelov et al., 2024; Szewczyk & Federmeier, 2022).

Formalized as the negative logarithm of the probability of a word 
given context, surprisal is commonly derived from language mod-
els (LMs, Hale, 2001). Traditional psycholinguistic studies have often 
conflated two views of surprisal estimation: one that reflects the lin-
guistic structure and distribution of a text as captured by the training 
data of a language model, and another that aligns more closely with 
human readers’ cognitive processing mechanisms. While early studies 
emphasized the former—assuming that models with a higher linguis-
tic accuracy and thus lower perplexity would inherently align better 
with human reading behavior (Frank & Bod, 2011; Goodkind & Bick-
nell, 2018)—recent findings challenge this assumption. Contemporary 
large-scale language models, despite achieving remarkably low perplex-
ity, often perform poorly in predicting human correlates like reading 

I This article is part of a Special issue entitled: ‘Language Models & Psycholinguistics’ published in Journal of Memory and Language.
∗ Corresponding author at: Saarland University, Campus, Saarbrücken, 66123, Germany.
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times (de Varda & Marelli, 2023; Oh & Schuler, 2023a, 2023b; Shain 
et al., 2024). This calls into question whether the ability to accurately 
predict upcoming words alone suffices for cognitive plausibility.

In light of these recent findings on contemporary language mod-
els, our study seeks to address this challenge by investigating the 
effects of aligning language models with the background knowledge 
and experience of individual readers. Humans differ in linguistic expec-
tations due to variations in reading habits, interests, and professional 
expertise. These differences, particularly in domain-specific contexts, 
are likely to influence processing effort. For example, previous studies 
show that readers with greater domain knowledge process text more 
efficiently, exhibiting shorter reading times and fewer regressions (Jian 
& Ko, 2014), while contradictions in information in the text and prior 
knowledge trigger more regressions (van Moort et al., 2020). However, 
existing language models fail to capture such individual variability, as 
they typically use a one-size-fits-all approach to surprisal estimation.

To explore this, we focus on reader-aligned and text-aligned sur-
prisal in predicting reading times. Reader-aligned surprisal incorporates 
a model adapted to the reader’s domain expertise, while text-aligned 
surprisal estimates processing effort based solely on the linguistic prop-
erties of the text. By comparing these approaches, we aim to assess 
how aligning language models with human experience can improve 
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their explanatory power for reading behavior. This complements re-
cent advances in language model adaptation, where techniques such 
as fine-tuning and adapter training have been employed to improve 
performance in specialized domains (e.g., Gururangan et al., 2020; 
Welch et al., 2022). Unlike prior adaptation studies, which focus on 
text alignment, we emphasize aligning models to readers, considering 
their domain-specific linguistic expectations and how these influence 
reading effort.

Our work builds on previous analyses of the Potsdam Textbook 
Corpus (Jakobi et al., 2025), a German eye-tracking dataset that records 
university students’ reading behavior for physics and biology texts. This 
corpus provides a unique opportunity to study how domain expertise 
affects reading behavior, with expertise operationalized as biology stu-
dents reading biology texts and physics students reading physics texts. 
Analyses show that this domain expertise significantly affects reading 
times, namely higher domain familiarity leads to faster reading (Jakobi 
et al., 2025; Škrjanec et al., 2023).

To better understand how domain expertise and linguistic pre-
dictability influence reading behavior, it is essential to consider how 
these factors affect early and late reading measures. Early measures, 
such as first-pass reading time, predominantly capture pre-lexical and 
lexical processing stages, including word recognition and lexical access. 
Late measures, such as go-past time and total reading time, additionally 
reflect higher-level cognitive processes, including integration with the 
previous context (Radach & Kennedy, 2013; Rayner & Liversedge, 
2011). Prior research demonstrates that predictability influences early 
measures (Staub, 2015), but large-scale analyses of naturalistic read-
ing data have consistently shown robust effects on late measures as 
well (Shain et al., 2024; Wilcox, Pimentel et al., 2023). Domain ex-
pertise also plays a critical role in both types of measures. In early 
measures, expertise facilitates the activation of relevant concepts and 
anticipation of upcoming words, enabling faster word recognition and 
lexical access. In late measures, expertise aids in sentence integration 
and the retention of information, further reducing cognitive effort 
during reading (Jian & Ko, 2014). By analyzing both early (first-pass 
time) and late reading measures (go-past and total time), we aim to 
capture the nuanced ways in which linguistic predictability and domain 
knowledge interact, shedding light on their distinct and overlapping 
contributions to processing effort.

We formulate the following questions and address them in separate 
studies:

1. Study 1: Does experience in terms of domain familiarity affect 
reading, focusing on the measures of first-pass duration, go-past, 
and total reading time?

2. Study 2: Predictive power of reader-aligned surprisal: what is 
the effect of the amount of training data and domain adaptation 
method?

3. Study 3: Which alignment strategy (reader-aligned or text-
aligned surprisal) is most beneficial for reading time prediction?

To answer these questions, we compare surprisal estimates from two 
domain adaptation methods: full fine-tuning, which updates all model 
parameters to specialize in a target domain, and adapters (Houlsby 
et al., 2019), which enable parameter-efficient adaptation by learning 
transformations of pre-trained representations. These methods allow 
us to systematically examine how varying degrees of specialization 
influence the fit of surprisal estimates to reading times across different 
measures of processing effort.

An important dimension of our study lies in exploring the parallels 
between human language comprehension and the predictive behavior 
of reader-aligned language models. Specifically, we examine human 
reading times and compare them to the word probability distributions 
generated by language models. Our results demonstrate that aligning 
language models with readers’ domain expertise leads to more accurate 
surprisal estimates and a better fit to late measures of human reading 
2 
times. However, we view these findings as only the starting point. 
Surprisal Theory as such (Hale, 2001; Levy, 2008) is agnostic to the 
actual mechanism that generated the conditional probability distribu-
tion over the vocabulary. Surprisal estimates are derived from the final 
layer of a language model, reflecting its output rather than the internal 
mechanisms that produce these predictions. While adapted language 
models exhibit prediction patterns that align more closely with human 
reading behavior, future research must go beyond behavioral similarity. 
A deeper understanding of the mechanisms driving these predictions, 
both the cognitive processes in humans and the internal computations 
of neural language models, is essential. Although a detailed exploration 
of mechanistic interpretability is beyond the scope of this study, we 
recognize its significance and return to it in the general discussion.

Background

The role of domain knowledge in language processing

Background knowledge plays a crucial role in shaping behavior and 
understanding during language processing. Numerous empirical studies 
report the effect of background knowledge on comprehension and show 
that sufficient knowledge of the text’s topic facilitates correct inference-
making and a higher recall, while a lack of required knowledge may 
result in comprehension difficulties (Kaakinen et al., 2003; Kendeou & 
van den Broek, 2007; Kendeou et al., 2004; Ozuru et al., 2009; Tarchi, 
2010).

Processing difficulties due to limited lexical knowledge manifest 
in online measures like reading behavior. For instance, encountering 
individual unfamiliar or infrequent words leads to slower reading and 
increased revisits (Just & Carpenter, 1980; Lowell & Morris, 2014). This 
holds for familiarity with the vocabulary of specific domains as well. 
Scientific texts frequently incorporate specialized and less common 
vocabulary, requiring the understanding of domain-specific concepts 
and relations between them.

Jian and Ko (2014) report that readers with a higher level of 
background knowledge in physics had shorter first-pass reading times 
and lower regression rates and spent less time rereading in comparison 
to lower-knowledge readers. Additionally, encountering information 
that is inconsistent with the domain knowledge of the reader shows 
effects on neural and behavioral measures, eliciting a greater N400 
amplitude (Troyer & Kutas, 2018; Troyer et al., 2020) or longer reading 
with more regressions (van Moort et al., 2020).

Despite its importance, integrating world or domain knowledge 
with linguistic input in models of comprehension remains a challeng-
ing task. Frank et al. (2008) highlight that many theoretical mod-
els of discourse comprehension struggle to account for the necessary 
world knowledge, leading to problematic predictions. Addressing this 
gap, Venhuizen et al. (2019) proposed a model based on simulations in 
a micro-world with limited vocabulary and knowledge. Their findings 
show that comprehension is better modeled when surprisal is informed 
by the interaction of lexical material and world knowledge, rather than 
relying on either text-based or knowledge-based surprisal alone.

Language model pre-training and domain adaptation

Recent work on modeling word-by-word processing during read-
ing has typically used pre-trained Transformer (Vaswani et al., 2017) 
language models. While different language model architectures ex-
ist, we focus here on decoder-only LMs that are trained to generate 
text (next-word prediction objective) and consider only the preceding 
context.

In practice, language models typically undergo two stages of train-
ing: (1) the pre-training stage, and (2) transfer learning for the target 
domain/task. In the pre-training stage, the model parameters are up-
dated based on the prediction error given the input training data. 
Modern language models are trained on enormous training corpora 
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that exceed the size of developmentally plausible data by multiple 
magnitudes (Warstadt & Bowman, 2022). The necessity of such vast 
amounts of training data is questionable: Zhang et al. (2021) report that 
basic syntactic and semantic features are successfully encoded with 10 
million to 100 million words, while the remaining data exposure serves 
for learning higher-level skills like commonsense reasoning.

If the feature distribution of the target domain (i.e. the domain of 
the downstream task) differs from that of the pre-trained model, the 
model undergoes a second stage of training, in which it is adapted 
to the target domain or task via transfer learning (see Zhuang et al., 
2021 for an overview). The idea is to transfer the readily learned 
linguistic representations and specialize the model for the downstream 
task, which usually results in higher performance (Gururangan et al., 
2020).

Among the methods of transfer learning, we consider two that 
focus on domain adaptation: full fine-tuning and adaptation via adapter 
weights. The two techniques differ with respect to the base pre-trained 
model. The full fine-tuning paradigm optimizes all the weights of the 
pre-trained model based on the in-domain training data. This means 
that previously learned knowledge is fully updated to represent the tar-
get domain. In contrast, adapters offer a parameter-efficient method for 
transferring the learned features and learning the new domain. In our 
study, we use the so-called bottleneck adapters (Houlsby et al., 2019). 
In the bottleneck adapter approach, new layers (adapter weights, which 
consist of feed-forward layers) are inserted between existing layers of 
the pre-trained model. These weights are of smaller dimensions than 
the pre-trained model. During training, the layers of the pre-trained 
model are frozen and remain intact, while the weights of the adapters 
are updated with respect to the loss function on the training data. The 
role of the adapter weights is to provide transformations of frozen pre-
trained weights given the target domain. With ever larger pre-trained 
LM, full fine-tuning is associated with high computational costs, while 
adapters achieve a similar performance (Pfeiffer et al., 2020) with 
fewer resources.

In terms of cognitive plausibility, the two adaptation methods offer 
distinct perspectives. Full fine-tuning fully adapts the model to the 
target domain, potentially at the cost of forgetting general linguistic 
features (Thompson et al., 2019). In contrast, adapters may more 
closely resemble how humans adjust their linguistic expectations based 
on the context (Dubey et al., 2006; Fine et al., 2013; Nieuwland & 
van Berkum, 2006; van Schijndel & Linzen, 2018), while preserving 
their general linguistic abilities. However, a key difference between 
both adaptation techniques and human language learning is that the 
model’s lexicon remains unchanged during adaptation, which contrasts 
with human language processing (Gaskell & Ellis, 2009; Laine et al., 
2014).

The motivation for exploring these two domain adaptation tech-
niques lies in their potential trade-offs. On the one hand, full fine-tuning 
could be at a disadvantage due to overfitting to domain-specific prop-
erties at the expense of general linguistic features. On the other hand, it 
might better capture the characteristics of the target domain precisely 
because previously learned language properties are overwritten. Their 
performance in terms of perplexity is expected to be similar (Pfeiffer 
et al., 2020), but it remains unclear how their surprisal estimates will 
differ in predictive power when modeling human reading times.

Surprisal and its predictive power

Surprisal theory (Hale, 2001; Levy, 2008) posits that the human 
processing effort of a word is proportional to surprisal, which is based 
on the probability of a word given its preceding context (Eq.  (1)). 
While surprisal theory is not specifically designed to predict eye move-
ments during reading, it has been shown to correlate with reading 
measures from self-paced reading and eye-tracking corpora in different 
languages (e.g. by Boston et al., 2008; Demberg & Keller, 2008; Oh 
et al., 2022; Smith & Levy, 2013; Wilcox, Pimentel et al., 2023), as 
3 
well as event-related potentials during language processing (e.g. in 
Michaelov et al., 2024). 
𝑠𝑢𝑟𝑝𝑟𝑖𝑠𝑎𝑙(𝑤𝑖) = − log2 𝑝(𝑤𝑖|𝑤1...𝑤𝑖−1) (1)

Surprisal has been studied for its predictive power for behavioral 
data from naturalistic reading (Demberg & Keller, 2008; Shain et al., 
2024; Wilcox, Pimentel et al., 2023) and its sensitivity to specific phe-
nomena, such as syntactic ambiguity (Huang et al., 2024; van Schijndel 
& Linzen, 2020), embedded structures (Hahn et al., 2022), semantic 
relatedness (Cong et al., 2023), plausibility and expectancy (Krieger 
et al., 2025; Michaelov et al., 2024).

The conditional probability term in surprisal is typically estimated 
using a language model (LM). With the advances of machine learning 
and natural language processing, surprisal is often estimated with large 
neural language models. Active research on LM quality, architecture 
and size shows that in comparison to 𝑛-gram models, probabilistic 
context-free grammar or neural Long Short-Term Memory language 
models (Aurnhammer & Frank, 2018; Fossum & Levy, 2012; Frank & 
Bod, 2011; Goodkind & Bicknell, 2018; Wilcox et al., 2020), neural 
Transformer language models provide surprisal estimates that lie clos-
est to measured human processing effort (Merkx & Frank, 2021; Shain 
et al., 2024). While increasingly large Transformer LMs (such as the 
Generative Pre-trained Transformer, GPT, Radford et al., 2019) achieve 
lower and lower perplexities, indicating a higher linguistic accuracy, 
recent studies show a possible divergence between the linguistic qual-
ity and predictive power of human processing effort. Surprisal from 
LMs with either an extremely large number of parameters or training 
samples provides a worse fit than smaller GPT models (Oh & Schuler, 
2023a, 2023b), but see Wilcox, Meister et al. (2023) for comparison.

Surprisal is an estimate of human processing effort, but an often 
overlooked aspect of this work is how well these estimates predict 
behavior across different readers or reader groups. In light of indi-
vidual variation between readers, we can expect that modeling online 
measures can benefit from surprisal estimates informed by individual 
differences. A notable example is the analyses of surprisal effects for 
readers who speak English as a second language (Berzak & Levy, 2023; 
de Varda & Marelli, 2022), but they do not explore how to estimate 
incremental processing cost for L1 and L2 readers separately. Another 
study (Haller et al., 2024) investigated the predictive power of surprisal 
from large language models jointly with reading time data and results 
from psychometric tests. They found that surprisal estimates were 
more accurate for readers with lower performance on psychometric 
tests and that high performance readers might be less sensitive to 
predictability. They did not explore methods for adapting language 
models to represent specific reader profiles.

The effect of surprisal on different reading time measures

In this work, we focus on three measures: first-pass, go-past and 
total reading time (RT). First-pass RT (also called gaze duration) is 
an early measure summing all fixations on a word in the first pass 
before leaving the region. The measures of go-past and total RT are late 
measures. Go-past time of a word (also called regression-path duration) 
includes first-pass time as well as any regressive fixations after leaving 
the word to the left, until the point where reading progresses further 
to the right of the word. Total fixation time sums up the durations of 
all fixations on a word.

While it should be noted that there is no direct correspondence 
between the different steps of language processing and various read-
ing time measures, research on eye movement during reading gener-
ally shares the view that early stages of processing are captured in 
early measures, and higher-level processing is reflected in late mea-
sures (Rayner & Liversedge, 2011). During the first-pass reading lexical 
access is said to take place. Go-past time indexes additional processing 
cost triggered by the word via regressions. Post-lexical semantic and 
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discourse integration will affect later measures, such as total reading 
time (Radach & Kennedy, 2013; Rayner & Liversedge, 2011).

The three chosen measures are contingent in that they include each 
other: first-pass is included in go-past time as well as in total reading 
time. Go-past time contains rereading of previous context during the 
first pass, thus including regressions triggered by the current word. As 
such, the measures often correlate (see e.g. de Varda et al., 2023).1

Previous research has also reported findings on the effects of sur-
prisal on early and late measures, often resulting in smaller effects for 
first-fixation duration and typically find larger surprisal effects in first-
pass times or later measures such as go-past, scan path and total reading 
time (de Varda & Marelli, 2023; Greenberg, 2023; Shain et al., 2024). 
For instance, Greenberg (2023) compares the amount of variance that 
surprisal can explain for different reading time measures and finds that 
the proportion of explained variance is largest in the latest reading time 
measures such as total reading times.

Data

The research reported in this article draws on two specialized 
corpora: the PoTeC corpus is a German eye-tracking corpus containing 
physics and biology texts. This corpus is used in our work to compare 
the surprisal estimates against the measured reading times. We further-
more collected domain-specific German physics and biology texts for 
domain adaptation of the pre-trained language models.

Eye-tracking dataset: Potsdam Textbook Corpus (PoTeC)

We evaluate how well the language models match the readers in the 
Potsdam Textbook Corpus (PoTeC, Jakobi et al., 2025), which includes 
eye-tracking measures gathered from 75 participants while reading six 
expository texts from biology and six texts from physics domain. All 
participants were German native speakers studying either physics (N =
32) or biology (N = 43) at university. For the experiment, they were 
asked to read each text for comprehension and answer text-related 
questions, as well as questions assessing their background knowledge 
about the topic of the text in general (independent of the text content).

Each text was taken from a textbook, has about 158 words (mini-
mally 126 and maximally 180) and fits on a single screen. The corpus 
also contains word-level manual annotations for terminology with three 
labels: common words (level 0), generally known (level 1), and domain-
specific technical terms (level 2). In total, there are 954 words in 
biology texts, 79% of these are of level 0, 11% are level 1, and 9% are 
technical terms of level 2. The distribution is similar in physics texts 
with 941 words in total, out of which 78% are of level 0, 15% of level 
1, and 7% of level 2.

In total, PoTeC contains 142,125 data points (75 participants × (954 
+ 941) words). We exclude all data points that come from either the 
first or the last word in the text. Further, we exclude all data points that 
lie three standard deviations below or above a participant’s average 
reading time. Data points with zero duration were also removed. We 
perform these steps for each of the three reading measures of interest: 
first-pass reading time (FPRT), go-past (GP) and total fixation time 
(TFT). For FPRT data, this results in 1350 data points (min. 934, 
max. 1622) per reader on average. For GP, in 1346 data points per 
(min. 935, max. 1623) reader on average. For TFT, this results in 1680 
data points (min. 1381, max. 1829) per reader.

Fig.  1 presents an example from a biology text with the reading 
times for each group. We can see that the readers with a physics 

1 The correlation coefficients between the three measures in the PoTeC 
dataset after removing words skipped in the first pass are: 𝑟 = 0.15 (𝑝 <
2.2𝑒− 16) between first-pass and go-past time; 𝑟 = 0.59 (𝑝 < 2.2𝑒− 16) between 
first-pass and total time; 𝑟 = 0.20 (𝑝 < 2.2𝑒 − 16) between go-past and total 
time.
4 
background read the text more slowly, as evidenced in both early 
effects in the first pass, and even larger effects in late measures.

In our study, we distinguish between experts and novices of the 
domain, i.e. biology students are experts in the biology domain, but 
termed ‘‘novices’’ when reading physics. Similarly, students majoring 
in physics are novices in biology, but experts in their academic domain. 
This distinction is an oversimplified operationalization of background 
knowledge, i.e. a physics student can be familiar with concepts from 
biology and is by no means an actual novice to the discipline. We 
also acknowledge the similarity between the disciplines of biology and 
physics: oftentimes undergraduate programs in one include courses 
from the other. Our distinction between ‘‘experts’’ and ‘‘novices’’ targets 
the level of expertise: we assume students majoring in physics are more 
familiar with the conceptual knowledge and vocabulary of the physics 
domain than the biology domain. This assumption is indeed warranted 
by the offline comprehension measures of the PoTeC dataset. Partici-
pants were given text-related comprehension questions for each text, 
as well as domain knowledge question on topics related to the texts, 
but not based on the text content. On average, students demonstrated 
greater background knowledge and more precise text comprehension 
when reading texts related to their field of study (see Table 2 in Škr-
janec et al., 2023 for significance testing). This result also suggests that 
slower reading and rereading could not entirely make up for the lack 
of domain knowledge.

Comparing experts and non-experts within related disciplines has 
the drawback of excluding complete novices in the domain. However, 
selecting two entirely unrelated fields introduces the risk of confound-
ing factors that could influence reading, such as differences in the 
general amount of reading required (e.g., participants majoring in liter-
ature versus those majoring in computer science). For instance, Troyer 
et al. (2023) encountered challenges in disentangling general print 
exposure from background knowledge when studying knowledge of the 
fictional world of Harry Potter. This difficulty likely arises because 
high-knowledge participants tend to read more overall, resulting in 
greater print exposure compared to low-knowledge readers.

Training data for the adaptation to the physics and biology domains

We use the German domain-general GPT-2 language model
(GerPT2, Minixhofer, 2020) and adapt it to the biology and physics 
domains using domain-specific corpora as training data. To the best 
of our knowledge, there is no available training set in German for the 
two domains. Therefore, we create our own by scraping articles from 
two online sources: Wikipedia and Spektrum.de. Spektrum.de is the 
website of the popular-science magazine ‘‘Spektrum der Wissenschaft’’ 
(spectrum of science). Wikipedia is one of the largest curated open 
corpora on the Internet and is typically included in the training set of 
large language models. The category annotation of Wikipedia articles 
enables filtering content by domain. We decided to additionally use 
articles from Spektrum.de because they often use a more engaging and 
conversational tone, more akin to the spoken interaction that students 
are exposed to during lectures at university.

To choose relevant Wikipedia articles, we searched the German 
Wikipedia. We extracted level 2 technical terms from PoTeC stimuli 
and used them as search terms. From the resulting categories, we hand-
picked 35 (e.g. botany, chronobiology, zoology2) for the biology corpus, 
and 32 (e.g. astrophysics, quantum mechanics, thermodynamics) for 
the physics one. The python library wikipediaapi was used to 
collect the names of subcategories of these categories. We used the
beautifulsoup and requests libraries to scrape all articles be-
longing to the (sub)categories, yielding over 15 thousand articles for 
biology, and about 11 thousand articles for physics. The articles range 

2 The search terms and categories were of course in German, but here the 
English equivalents are provided for easier reading.
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Fig. 1. Example sentence from the b1 biology text with reading measures averaged across the two groups of readers given their domain familiarity. The error bars indicate the 
95% confidence interval of the mean. The plot shows the averages for first-pass reading time (FPRT), go-past time (GP) and total fixation time (TFT) in milliseconds. The words 
in italics are technical terms of level 1, while boldface indicates a technical term of level 2. Common words are unmarked. The gloss with the translation of the text is provided 
in Appendix A.
Table 1
The number of documents, tokens and subwords (as yielded by the GerPT pretrained 
tokenizer) of the German domain-specific corpora for biology and physics from 
Wikipeda and Spektrum.de.
 Domain Corpus Documents Words Subwords

 Biology Wikipedia 15,878 8,510,891 13,837,251 
 Spektrum.de 9,103 2,084,463 2,893,905 
 Physics Wikipedia 11,342 5,857,997 9,632,579 
 Spektrum.de 2,820 609,202 852,978 

from encyclopedic over scientific articles to biographies. Wikipedia 
articles needed additional cleaning and removal of math symbols.

The content on Spektrum.de is categorized into disciplines, among 
them also physics and biology. We scraped the news and columns 
of these categories, using the requests library to gain access, and
beautifulsoup to parse the articles. In total, we collected about 9 
thousand articles for biology, and almost 3 thousand for physics.

To create a corpus for each domain, we joined the respective 
documents from Wikipedia and Spektrum.de. Table  1 shows the final 
sizes of the domain-specific corpora. We created a fixed train (95%) 
and held-out test split (5%).
5 
To assess their similarity, we compare the overlap in vocabulary 
between the collected corpora, PoTeC stimuli and a domain-general 
German corpus, the German portion of CC-100 (Conneau et al., 2020). 
CC-100 was used to train the German GPT-2 model used in our work. 
The corpus comprises Wikipedia and other online sources. We consider 
a sample of 120,000 documents from CC-100 for overlap calculation 
and use python libraries for that. The vocabularies of all corpora were 
lemmatized using spaCy (Honnibal et al., 2020) with stopwords re-
moved using nltk (Bird & Loper, 2004). The list of stopwords includes 
determiners, prepositions, connectives, pronouns, question words as 
well as auxiliary and modal verbs.

Fig.  2 shows the overlap of lemmatized vocabularies across the 
five corpora. For example, the figure indicates that nearly 80% of the 
words from PoTeC biology texts are included into the sample of the 
general vocabulary in CC-100. In turn, only 0.02% of words from CC-
100 are found in the PoTeC biology texts. We observe that the PoTeC 
texts are the most dissimilar to all other corpora, but they are closest 
to their domain-matching WikiSpektrum counterparts. We separately 
counted the number of overlapping technical terms between biology 
and physics PoTeC texts, finding 4 in total (negativ ‘negative’, Energie
‘energy’, Ladung ‘charge’, elektrisch ‘electric’).
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Fig. 2. Vocabulary overlap of lemmas in % between the PoTeC reading materials, 
the domain-adaptation train sets of Wikipedia and Spektrum, and a subset of the CC-
100 train set. The lemmatized vocabulary of each corpus was created by removing 
stopwords, numbers and punctuation. Each cell indicates what proportion of the source 
corpus vocabulary is included in the target corpus vocabulary.

Study 1: Does experience in terms of domain familiarity affect 
reading?

This study explores the effect of domain familiarity on language 
comprehension, specifically on three measures of reading times. Previ-
ous studies of the PoTeC dataset have found that domain experts read 
faster than non-experts (Jakobi et al., 2025; Škrjanec et al., 2023), so 
this study serves as a replication of those results and a base for studies 
2 and 3.

Methodology

We analyze the effect of domain expertise on three reading mea-
sures: first-pass reading time (FPRT), go-past time (GP), and total 
fixation time (TFT). For our analyses, the three measures are log-
transformed and used as response variables in word-level linear mixed-
effects regression models fit using the lme4 package (Bates et al., 
2015). The lmerTest package (Kuznetsova et al., 2017) was used 
to calculate 𝑝-values with the Satterthwaite method. We consider the 
following set of predictors:

• Word length as the number of characters without punctuation.
• Word position in text.
• Normalized word frequency of the lemma form estimated based 
on dlexDB.

• Terminology: a binary indicator as to whether a word is a tech-
nical term (common or technical).

• Expertise: a binary indicator about the reader’s background (ex-
pert or novice).

• Interaction between terminology and expertise.
• Surprisal.
Word length, word position and lemma frequency serve as covari-

ates. The frequency is taken from the dlexDB database (Heister et al., 
2011) and we smoothed it by adding 1 to each value and then log-
transformed it. The binary predictor 𝑡𝑒𝑟𝑚𝑖𝑛𝑜𝑙𝑜𝑔𝑦 indicates whether a 
word is a technical term. The PoTeC materials distinguish between 
common words (level 0), and general (level 1) and expert (level 2) 
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technical terms (Jakobi et al., 2025). Even though general technical 
terms are not specific to a single domain, they co-occur with expert 
technical terms, which means that domain knowledge is required for 
their comprehension in context. For this reason, we merge general 
and expert terminology into one group, resulting in two final lev-
els (common words and technical term). The predictor 𝑒𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 is 
a reader-specific predictor based on the combination of the reader’s 
major (biology or physics) and the text domain (biology or physics). 
The predictor takes either the value ‘‘expert’’ (i.e. a physics student 
reading a physics text or a biology student reading biology) or ‘‘novice’’ 
(remaining combinations). The random effects in the regression models 
include a by-participant intercept, a by-word intercept and a by-word 
slope for the expertise level. Model versions with a richer random 
effect structure, for example including a slope for terminology, did not 
converge.

All continuous predictors were scaled and centered. The binary 
predictors are sum-coded: terminology (−1 ‘‘common’’, 1 ‘‘technical’’) 
and expertise (−1 ‘‘novice’’, 1 ‘‘expert’’). For each of the three reading 
measures, we fit a baseline regression model (Eq.  (2)).

𝐿𝑜𝑔𝑅𝑇 ∼𝐿𝑒𝑛𝑔𝑡ℎ + 𝐿𝑜𝑔𝐹𝑟𝑒𝑞 + 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛+

𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 ∗ 𝑇 𝑒𝑟𝑚𝑖𝑛𝑜𝑙𝑜𝑔𝑦+

(1|𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝐼𝐷) + (1 + 𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒|𝑊 𝑜𝑟𝑑𝐼𝐷)

(2)

Results

The results are summarized in Fig.  3. There is a main effect of 
word length and position in the sentence: longer words and words that 
appear earlier in text have longer reading times in all three measures of 
reading duration. There is a significant main effect of word frequency, 
but only for go-past and total reading time.

Reader expertise also affects overall reading speed: on all three 
measures, reading times are lower for experts than for non-experts. 
We furthermore find a main effect of terminology in all measures: 
domain-specific terminology is read more slowly than common words. 
Additionally, we find a significant interaction between expertise and 
terminology: domain experts read technical terms faster than novices 
(i.e., they have less of a reading time slowdown on technical terms 
compared to novices). The full regression table can be found in the 
appendix (Table  B.2).

To better understand the effect size of expertise, we transformed 
them from log to linear space in milliseconds. The effects and their 
95% confidence intervals correspond to −11[−13, −8] ms for first-pass 
reading time; −23[−27, −18] ms for go-past time; and −81[−85, −77] 
ms for total reading time. The span of the confidence intervals indicates 
that the effects can be clearly detected.

Discussion

These observations are in line with previous findings on reading 
less familiar or unknown words (Chaffin et al., 2001; Lowell & Morris, 
2014; Williams & Morris, 2004), which have reported slower reading 
and more regressions on these words. Previous work also found that 
the behavior of experts and novices is different in the early measure of 
first-pass RT, indicating that lexical access is impeded for novices: this 
may happen because the readers’ vocabulary either does not include 
this word or because the word’s meaning is not effectively pre-activated 
based on the previous context. Difficult words can additionally trigger 
regressions to preceding context for revision, confirmation or integra-
tion: go-past durations have been found to be longer for novices as well, 
meaning they are slower at moving on through the text. This leads to 
longer total reading time durations as well. Comparable effect sizes for 
the PoTeC have been reported in the study that introduced the dataset 
(see Figure 4 in Jakobi et al., 2025). Their analysis considered a more 
detailed account of expertise and split participants given the stage of 
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Fig. 3. The estimated effect sizes and their respective 95% confidence intervals on the three reading measures: first-pass reading time (FPRT), go-past time (GP) and total reading 
time (TFT).
studies (undergraduate and graduate) along with their domain (biol-
ogy and physics), but, unlike our approach, their reading time model 
did not include the interaction between expertise and terminology. 
Despite these differences we observe similar patterns with respect to 
background knowledge.

Study 2: Predictive power of reader-aligned surprisal

The level of domain expertise affects the processing effort, surfacing 
as differences in reading times. In this study we address the question 
of modeling the processing effort of readers given their domain knowl-
edge, including surprisal as a measure of processing effort in context. To 
estimate surprisal we use a pre-trained German Transformer language 
model, aligning it to the reader by adapting it to the domain of expertise 
of the reader (either biology or physics). This study explores what 
technique of adaptation and what amounts of training data result in 
more accurate estimations of processing effort in the evaluation against 
reading times. Two domain adaption techniques are used: one with 
updates to all weights of the language model with respect to the 
target domain (full fine-tuning), and one with leaving the pre-trained 
parameters intact and learning new, additional weights (adapters) that 
are trained to combine the existing knowledge according to the target 
domain.

In our analysis of each reading measure, we jointly fit one regression 
model for both groups of expertise, assigning biology students the 
surprisal estimated from a biology-tuned LM, while a physics model is 
used for physics students. In this, we explore all possible combinations 
of amount of training data and the domain, meaning some combina-
tions include surprisal from the biology and physics models trained on 
similar amounts of data, but some combinations are more asymmetrical 
7 
with one model fully domain-adapted, while the other is still at the 
start of training. This allows us to explore the different levels of domain 
adaptation and the readers’ expertise without assuming that these are 
necessarily the same for adaptation to physics and biology domains.

Methodology

Language model choice and domain adaptation. To model the predictabil-
ity effects during reading of German scientific texts, we use GerPT23
(Minixhofer, 2020), which was trained on German documents and is 
based on the GPT24 architecture. GerPT2 is an instance of GPT2-small 
with 163 million trainable parameters. To train GerPT2, the German 
section of the CC-100 corpus of web crawl data was used. While larger 
German language models are available, multiple studies (Oh & Schuler, 
2023b; Shain et al., 2024) have shown that smaller Transformer mod-
els, of the size of GPT-2 in particular, yield surprisal estimates that 
predict reading times better than larger models.

We perform domain adaption of the GerPT-small model with two 
different methods: via full fine-tuning of all parameter weights, and 
by adapter training. To fine-tune the model fully, we use the trans-
formers python library and continue training the model with the 
causal modeling objective.5 We adapt the model to the biology and 
physics domains separately. To train bottleneck adapters, we use the

3 https://huggingface.co/benjamin/gerpt2.
4 https://huggingface.co/openai-community/gpt2.
5 https://github.com/huggingface/transformers/tree/main/examples/

pytorch/language-modeling.

https://huggingface.co/benjamin/gerpt2
https://huggingface.co/openai-community/gpt2
https://github.com/huggingface/transformers/tree/main/examples/pytorch/language-modeling
https://github.com/huggingface/transformers/tree/main/examples/pytorch/language-modeling
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adapters library6 in python, setting the reduction factor hyperparam-
eter to 16, meaning the size of the word embeddings (hidden size) is 
divided by 16 to obtain the adapter size of 48 (768/16 = 48). For both 
techniques, we use the following hyperparameter setting: a batch size 
of 8, learning rate of 1e−4, 100 warm-up steps, and training maximally 
for 16,384 steps without early stopping.

We are interested in the time-course of domain adaptation with 
respect to the fit to reading times (RT) and LM quality. To do that, we 
consider intermediate model checkpoints during training and save the 
model checkpoints every 4𝑛 steps with 𝑛 ∈ {1, 2, 3, 4, 5, 6, 7}, meaning 
the checkpoints lie at 4, 16, 64... 16,384 steps. In a single step, the 
model’s or adapter’s weights are updated based on 8 samples, which 
means we consider the models after seeing 32, 128, 512... 131,072 
samples. We evaluate the domain-adapted models in terms of their lin-
guistic accuracy (perplexity on held-out test datasets) and psychometric 
predictive power (using estimated surprisal for reading time fit).

Perplexity (see Eq.  (3)) is defined as the inverse probability of the 
test data 𝑇  given the language model, normalized by the number of 
words 𝑁 in the test set. Lower values indicate that the test data is 
assigned a high probability by the language model, which is understood 
to reflect the model quality. If the perplexity value is high, the text 
data is less predictable or less likely according to the model’s learned 
probabilities. 

𝑝𝑒𝑟𝑝𝑙𝑒𝑥𝑖𝑡𝑦(𝑇 ) = 𝑁

√

√

√

√

𝑁
∏

𝑖=1

1
𝑃 (𝑤𝑖|𝑤1...𝑤𝑖−1)

(3)

We test the language models on in-domain data (i.e. a model 
adapted to biology on the biology test set) as well as on out-of-domain 
texts (i.e. a biology model on physics data). In-domain testing evaluates 
the rate of adaptation to the domain, while out-of-domain perplexity 
indicates the model’s ability to generalize outside of its specialized 
domain and to transfer the learned representations onto other domains.
Surprisal estimates. The GerPT2 model operates over subword tokens, 
which means words can be split into multiple subwords. To obtain 
word-level surprisal estimates, the PoTeC texts were first tokenized 
with the GerPT2 tokenizer. After subword-level surprisal was calcu-
lated, the surprisal scores of a word’s subwords were summed to obtain 
word-level estimates, following the chain rule of probability. Due to the 
sensitivity of language model training to the initial state of weights, we 
train each model combination (domain adaptation technique × domain) 
with three different random seeds. Their per-word averaged surprisal 
estimates are used in the regression analysis. We consider the combina-
tions between the two domains and the number of training steps when 
including surprisal into the model. For example, when fitting first-pass 
reading time with surprisal from fully fine-tuned language models, 49 
averaged surprisal sources are considered (seven for biology and seven 
for physics).

We add surprisal as a fixed effect to the baseline regression model 
to create experimental models (Eq.  (4)). 
𝐿𝑜𝑔𝑅𝑇 ∼𝐿𝑒𝑛𝑔𝑡ℎ + 𝐿𝑜𝑔𝐹𝑟𝑒𝑞 + 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛+

𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 ∗ 𝑇 𝑒𝑟𝑚𝑖𝑛𝑜𝑙𝑜𝑔𝑦+

𝑆𝑢𝑟𝑝𝑟𝑖𝑠𝑎𝑙+

(1|𝑆𝑢𝑏𝑗𝑒𝑐𝑡𝐼𝐷) + (1 + 𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒|𝑊 𝑜𝑟𝑑𝐼𝐷)

(4)

Comparison of nested regression models. The goodness of fit of the 
model is evaluated via the likelihood ratio test by comparing the log-
likelihoods of an experimental model (surprisal as one of fixed effects) 
and a baseline model (no surprisal). The difference is termed 𝛥LL and 
it is the result of subtracting the baseline model’s log-likelihood from 
that of the experimental model (Eq.  (5)). 
𝛥𝐿𝐿 = 𝐿𝐿𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 − 𝐿𝐿𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 (5)

6 https://github.com/adapter-hub/adapters.
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The baseline and the experimental model differ in one predictor: 
surprisal is included in the experimental model as a main effect, but 
not in the baseline model. The likelihood ratio tells us whether it is 
beneficial to add surprisal to the baseline model. Adding surprisal from 
pre-trained neural language models typically improves over the base-
line (Oh & Schuler, 2023a; Shain et al., 2024). In order to quantify the 
magnitude of this benefit, we calculate the difference in log-likelihood 
between the experimental and the baseline models. This allows for a 
comparison of different experimental models, each including surprisal 
estimates from a different language model (or, in our case, averaged 
surprisal across three LMs with different random seeds). The compar-
isons of the magnitudes of 𝛥LL are not to be interpreted as hypothesis 
testing, but rather an indication of numeric tendency: a positive 𝛥LL 
indicates the model fit is improved upon adding surprisal as a predictor; 
a larger 𝛥LL suggests a larger improvement over the baseline.

Results

Effects of domain adaptation on perplexity. Perplexity values with re-
spect to the amount of training data are presented in Fig.  4. The plots 
show that domain adaption generally leads to lower perplexity. On in-
domain data the perplexity drops consistently throughout training on 
the PoTeC text stimuli and the Wikipedia and Spektrum test sets across 
both domains. We take this as a sign of successful domain adaptation, 
i.e. the LM now more accurately represents the target domain.

Throughout domain adaptation, the perplexity on both out-of-dom-
ain test sets also decreases. Even when the LMs are tested in a cross-
domain setting, it seems like learning on in-domain data benefits the 
out-of-domain representation. This is not surprising since both domains 
are branches of natural sciences and share some vocabulary (see Fig.  2). 
We also notice indications that out-of-domain generalization stops for 
the physics LM as its perplexity starts increasing again after 1024 steps 
for full tuning (on WikiSpektrum) and adapters (both test sets). For the 
fully fine-tuned physics LM on WikiSpektrum, the perplexity at the end 
of training again equals the perplexity at the very beginning of training.

A similar pattern is observed for the general Wikipedia texts. About 
half of the training data of the base language model for our study, 
GerPT2, was taken from Wikipedia (Conneau et al., 2020). While 
we specialized this LM to the biology and physics domains, the per-
plexity on the domain-general language reduced, but not below 30. 
After that, the perplexity started growing for all models (except for 
the biology adapter), which means that the LMs start to become so 
specialized to the target domain that the previously learned patterns 
of domain-general language are not predicted well anymore.

We observe interesting differences between the two adaptation 
methods in the trajectory of adaptation. At the beginning of training, 
fully fine-tuned models demonstrate a lower perplexity on all domains 
compared to adapter models. This can be explained based on how 
these methods work: in adapters, a randomly initialized new layers 
are introduced in between frozen pretrained layers. These randomly 
initialized parameters initially introduce noise which is not present in 
full fine-tuning, thereby leading to a comparatively higher perplexity. 
During the course of training, the new parameters are quickly trained, 
such that adapters also achieve lower perplexities in in-domain settings 
as training proceeds. Overall, the domain adaptation process requires 
more training steps in order to achieve similar levels of perplexity as 
full fine-tuning models. After the full set of 16384 training steps, the in-
domain perplexities of fully fine-tuned models are very low, at the cost 
of increased perplexities on out-of-domain data and domain-general 
data, indicating over-fitting of the fully fine-tuned models. At the same 
number of training steps, the adapter model on the other hand has 
achieved similar perplexity on all data sets as FFT models after 1024 
steps — the adapter model is hence not trained to a point at which 
over-fitting effects become grave; first tendencies towards overfitting 
of the adapter on the general and out-of-domain data emerge for the 
physics model at the latest training steps.

https://github.com/adapter-hub/adapters
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Fig. 4. Perplexity on test corpora. The perplexity values are averaged over 3 checkpoints of different seeds. The language models were adapted to the target domain either via 
full fine-tuning (Full FT ) or with adapters (Adapter).
Effects of domain adaptation on surprisal. Fig.  5 illustrates how sur-
prisal estimates for common and domain-specific terminology evolve 
throughout the process of domain adaptation via full fine-tuning and 
adapter training. The subplots also include surprisal estimates at step 
0 of training, representing predictions made by the non-adapted base 
language model. Surprisal estimates for common words remain largely 
stable. In contrast, the surprisal of technical terms, especially for in-
domain texts, decreases, indicating that the models are learning to 
assign these terms higher predictability. Some adaptation to technical 
terminology is also observed in out-of-domain data.

Similar to the perplexity trends shown in Fig.  4, surprisal estimates 
for the PoTeC texts also reflect that fully fine-tuned models adapt 
to the target domain more quickly: surprisal estimates for technical 
terms are lower in FFT compared to adapters for the same amount of 
training data. We can also see the effect of introducing the randomly 
initialized adapter layers on surprisal during early training: surprisal 
estimates are initially higher for adapter models with little training 
than for a general pre-trained model, and this effect is particularly 
pronounced for technical terms. After 64 steps of training, adapters 
improve their predictions of technical terms, and surprisal decreases 
9 
beyond general-domain model surprisal estimates during further train-
ing. Fully fine-tuned models exhibit a steady, monotonic decrease in 
surprisal for technical terminology, in line with the overall perplexity 
results on in-domain and out-of-domain PoTeC data.
Predictive power of surprisal. The predictive power of surprisal for pre-
dicting first-pass (FPRT), go-past (GP) and total (TFT) time is depicted 
in Fig.  6, showing the results for language models that are either 
fully fine-tuned (Full FT ) or adapters (Adapters). The color of the dots 
indicates a lower (yellow) or higher (orange to dark red) change in 
log-likelihood (𝛥LL), i.e. predictive power. The number of fine-tuning 
steps for the biology and physics LMs is shown on the x- and 𝑦-axis, 
respectively. One dot represents the 𝛥LL of the reading time model with 
surprisal estimated from language models trained for the number of 
steps indicated on the x- and 𝑦-axis. For example, on the plot with fully 
fine-tuned models for first-pass time (FPRT; subplot A), the left-most 
dot in the top row shows the improvement over the baseline regression 
model upon including surprisal from a biology LM tuned for 4 steps 
(for biology students) and surprisal from a physics LM tuned for 16,384 
steps (for physics students).
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Fig. 5. Changes in surprisal of PoTeC texts throughout the course of domain adaptation, broken down by the terminology type and the match between language model and text 
domain (in- and out-of-domain). The error bars indicate the standard error of the mean.
Number of training steps. Across all LMs, we can observe that the 
improvement of model fit changes with the number of training steps, 
i.e. the amount of training data during adaptation to the target domain. 
We generally first observe an increase in model fit as training steps 
increase, which is followed by a drop in predictive power for very high 
numbers of training steps. These results hold for both the adaptation 
to the biology and the physics domains. However, the physics domain 
adaptation tends to need fewer steps than the biology domain.

Domain adaptation method. Subplot A presents the results for 
fully fine-tuned LMs, subplot B those for adapters. We had already 
seen in the perplexity and surprisal results that the parameter-efficient 
adapter method – in which fewer parameters are changed in each step 
– requires more training steps to adapt to the target domain. Here, 
we see that it also achieves optimal predictive power later than the 
model using full fine-tuning. In particular, we note that the surprisal 
estimates obtained via the adapter fine-tuning method on the biology 
domain might even benefit from more than 16 thousand training steps 
for predicting the reading times at late measures, as indicated by red 
dots at 16,384 training steps.
10 
Effect on RT measures. The results exhibit a discrepancy between 
early and late reading measures: for first-pass time, the highest 𝛥LL 
is reached after 256 and 1024 steps (full fine-tuning and adapters, re-
spectively). The optimal point of LM domain adaptation for predicting 
go-past and total reading time comes later: at about 1024 and 4096 
(full fine-tuning and adapters, respectively). For the two late measures, 
the surprisal from fully fine-tuned models shows a decline in predictive 
power, indicating that this model may not only be overfitting with 
respect to out-of-domain data but also with respect to the surprisal 
experienced by humans. On the other hand, the surprisal estimated 
from adapters could potentially contribute to the fit even more if the 
training had been continued. We comment on the differences between 
reading measures in the discussion below.

The largest predictive power. Having outlined the general pat-
terns of fit with reader-aligned surprisal, we now turn our attention 
to the point of maximum improvements for each reading measure. 
Numerically, at these points, surprisal contributes most to the quality of 
the fit. For the best fit of the early first-pass RT, surprisal is estimated 
with LMs at 256 training steps of adaptation (for both, biology and 
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Fig. 6. Change in the log-likelihood (𝛥LL) upon adding reader-aligned surprisal to the reading time regression model with surprisal estimates coming from either a fully fine-tuned 
model (Full FT, subplot A) or an adapter (Adapter, subplot B). The number of training steps of domain adaptation is indicated on the 𝑥-axis for biology LMs, and the 𝑦-axis for 
physics LMs. The plot shows results for first-pass (FPRT), go-past (GP) and total fixation time (TFT).  (For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.)
physics) with a 85.8 improvement over the baseline. For both late 
measures, adapters also did best, after 4096 steps for both domains. The 
𝛥LL for go-past time is 154.6, and 175.8 for total RT. The improvements 
are statistically significant (see Appendix C for details on significance 
testing). Our analyses in Appendix C furthermore demonstrate that 
a model including reader-aligned surprisal fits the data significantly 
better than a model that includes only general surprisal estimates from 
a GPT2 model that has not been domain-adapted.

Discussion

To understand the findings on the predictive power of surprisal, it 
is best to consider them in parallel with LM perplexity (Fig.  4) and 
average surprisal estimates (Fig.  5). We found that model perplexity 
improves on both in-domain and out-of-domain data for the first 256 
steps of fine-tuning on either domain. Our reading time models also 
show that the first 256 iterations lead to an improvement in fit to 
reading times for all models. We can also see that continued fine-tuning 
on biology data leads to a continued improvement in perplexity on 
biology data, and a small improvement on physics data. Our results on 
11 
surprisal estimates on the PoTeC data similarly showed continuously 
decreasing surprisal estimates for technical terms (and stable surprisal 
estimates for common terms) throughout fine-tuning. However, we do 
observe that these increasingly low perplexities and surprisal estimates 
do not entail a better fit to reading times: for the model fine-tuned 
on biology texts, we instead observe that model fit is best for 1024 
and 4096 training steps, and explanatory power starts decreasing af-
terwards. This effect is even more pronounced for models fine-tuned 
on physics, where best predictive power is observed for FFT models 
trained for as little as 256 steps. Considering this observation together 
with the finding that perplexity on domain-general data also starts to 
increase at this level of fine-tuning, indicates that models are starting 
to overfit to physics data and exhibit catastrophic forgetting effects in 
the general domain. These observations are in line with the findings 
on the relationship of perplexity and predictive power of surprisal for 
domain-general models as reported in Kuribayashi et al. (2021) and Oh 
and Schuler (2023a). They report that as language model quality (as 
measured by perplexity) rises, the ability of its surprisal estimates to 
predict human reading times also increases, but only until reaching a 
point where the LM quality and the fit to human RT start to diverge — 
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the LM linguistic accuracy continues to improve with training, but this 
has an adverse effect on the predictive power of surprisal.

We observe that the two domain adaptation methods are compa-
rable in terms of the predictive power of their surprisal estimates, 
that is, both models lead to fits of similar quality. Adapters offer a 
more parameter-efficient approach that needs fewer compute resources, 
requiring, however, more fine-tuning iterations to achieve a similar fit, 
cf. He et al. (2021), but also see Bansal et al. (2022).

In the full fine-tuning approach, the vector representations (em-
beddings) of words, the attention layers, the feed-forward networks, 
and the final layer are updated based on the error signal during 
pre-training on domain-specific data. In contrast, with adapters, the 
representations and relationships learned by the model during training 
on domain-general data are preserved and remain unchanged during 
domain adaptation. The purpose of training an adapter is to learn how 
to combine and weigh this existing knowledge to better align with the 
target domain. Previous research (van Schijndel & Linzen, 2018; Yan 
& Jaeger, 2020) has demonstrated that humans can easily and rapidly 
adapt their expectations to different domains. This behavior can in prin-
ciple be modeled in different ways: while relatively small models like 
GPT-2 may not be able to represent the different contexts effectively 
and store different expectations, it is conceivable that larger models 
might be able to more effectively condition on different situational 
contexts and also exhibit highly adaptive behavior. Conceptually, the 
idea of adapters which can be used to model how a reader behaves 
in different situations is however also a practical modeling solution. 
We note however that both the implementation of inserting additional 
adapter layers and the behavior (worse prediction capabilities in early 
stages of training) lack cognitive plausibility. In future work, it would 
be interesting to measure whether the effect of extensive exposure to 
domain-specific texts influences human reading behavior when process-
ing domain-general text, in line with the predictions of a monolithic 
fully fine-tuned model. However, our current data cannot speak to 
this question. Despite the conceptual and implementation differences 
between these two techniques, we overall observe more similarities 
than differences in the patterns of the predictive power of their surprisal 
across reading measures on the PoTeC dataset.

When humans acquire new knowledge, they also learn new words. 
How does this translate to LMs and the two adaptation techniques? 
It does not, at least not in a straightforward way. While LMs can 
approximate meanings for unknown words in ways that partially align 
with human inferences (de Varda et al., 2024), it remains less clear 
how novel words are learned and how this relates to their segmentation 
into tokens. The models used in this study rely on tokenizers based on 
Byte-Pair Encoding (BPE; Sennrich et al., 2016), a subword segmen-
tation algorithm that uses unigram word frequencies to define merge 
rules. This allows LMs to flexibly represent out-of-vocabulary words by 
splitting them into known units. However, tokenization also introduces 
rigidity: the segmentation rules are fixed after tokenizer training and 
do not adapt during subsequent fine-tuning of the LM. As a result, 
even if a previously less frequent word becomes more frequent in a 
new domain, its tokenization remains unchanged. The tokenization is 
thus is a reflection of the pre-training data (Hayase et al., 2024). This 
rigidity has implications for estimating word probabilities and therefore 
surprisal. When a word is split into multiple subwords its probability 
estimate is smaller than if the same word would have been tokenized 
as a single subword (Lesci et al., 2025). This thus raises the question 
of whether a tokenizer should be adaptable.

Studies directly examining tokenization using behavioral measures 
of language processing are sparse. Some evidence suggests that a higher 
number of subwords correlates with slower reaction times in lexical 
decision tasks (Beinborn & Pinter, 2023), though in general, the choice 
of tokenizer (whether BPE, morphological, or whitespace) does not 
appear to significantly affect the predictive power of surprisal for 
reading times (Nair & Resnik, 2023).
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During full fine-tuning, the representations and relationships of 
words across all layers are modified, tuning exclusively to the target 
domain, thereby overwriting previous representations — these only 
serve as a starting point for learning about the new domain. In con-
trast, adapters do not alter the word representations themselves but 
instead combine the existing representations with new adjustments. 
This process does not directly correspond to human language learning: 
when humans use existing knowledge to acquire new words and con-
cepts (Gaskell & Ellis, 2009), their word-level lexicon does not remain 
static.

Another point of consideration raised by our findings is the ob-
servation that reading times in the early measure are best predicted 
by models with relatively small amounts of domain adaptation, while 
later reading time measures are better predicted by models with more 
intensive domain adaptation. We propose two possible speculative 
explanations for this finding. The first explanation relates to differences 
between expert and novice readers.

Study 1 shows that the effect sizes of the main effects of expertise, 
terminology and the interaction between them are smaller for the first-
pass reading time than for the later measures. This means that the 
differences between expert and non-expert readers are not yet very 
large in the early reading measures. In later reading measures, which, 
respectively, count additional regressions from the word and later re-
fixations of a word, novices show a more strongly different behavior 
from experts; in particular, they do regress and re-read more often. 
This behavior is captured by our reader-adaptive surprisal measure of 
fully-adapted domain-specific models: A reader will experience higher 
surprisal and regress more when reading text outside their domain of 
expertise, and experience lower surprisal and regress less inside their 
domain of expertise. Models that are domain-adapted more strongly can 
predict these differences more precisely than models that have been 
domain-adapted only for a very short period, and therefore are still 
quite similar to domain-general models which predict the equivalent 
reading times independent of a reader’s personal expertise level. This 
idea is also consistent with the finding that reader-adapted surprisal 
estimates have significantly higher predictive performance than text-
adapted surprisal estimates on later reading measures, while there 
is no significant difference between reader-adapted and text-adapted 
surprisal in first pass reading times (see Appendix C).

The second speculative explanation focuses on domain adaptation 
and the process of learning to predict domain-specific words. When LMs 
are trained from scratch to predict the next word given a context, they 
initially learn to predict the most frequent words, first capturing uni-
gram frequencies and only later incorporating longer contexts (Chang 
& Bergen, 2022). We hypothesize that during further training on a 
specific domain, LMs prioritize learning the distributional properties of 
words that are most distinct from general language, so those that stand 
out in the domain. This suggests that domain adaptation emphasizes 
domain-specific words in the early stages of training, while semantic 
relations are acquired in subsequent stages, followed by commonsense 
knowledge and natural language understanding, which require the 
most exposure to training data (Zhang et al., 2021). We also know that 
fine-tuning primarily affects the upper layers of the model (Mosbach, 
2023). Even in adapters, it is the final layers that steer the predic-
tion towards the target domain (Alabi et al., 2024). As final layers 
of the LM are believed to handle word frequency (Kobayashi et al., 
2023), these points taken together indicate that models might already 
capture frequency effects fairly well after only a few steps of domain 
adaptation.

Previous work also showed that frequency effects are typically 
present both in early and late reading measures, and that surprisal 
effects tend to have larger effect sizes in later reading measures (de 
Varda & Marelli, 2023; Greenberg, 2023; Shain et al., 2024). The idea 
that strongly domain-adapted models are less predictive of early read-
ing times, possibly because their surprisal estimates primarily reflect 
frequency effects, while models trained for longer periods produce 
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more contextualized surprisal estimates that better predict later reading 
measures, appears consistent with previous findings.7

Study 3: What alignment of the language model is most beneficial 
for reading time prediction?

The surprisal estimates of domain-adapted language models can be 
included as predictors of reading times in different ways. On the one 
hand, the language model can be chosen such that it represents the 
training data best, i.e. given the text domain such that the physics LM 
is used to estimate surprisal of physics texts, and the biology LM for 
biology texts, regardless of the readers’ expertise. We refer to this as 
text-aligned surprisal.

On the other hand, surprisal can be reader-aligned, with estimates 
coming from a language model that is matched with the readers’ 
experience. While alignment with the text means that the language 
model has a low perplexity on this text (e.g. a biology-tuned LM on 
biology text), we hypothesize that the evaluation against reading times 
will show that reader alignment is a better method of choosing the 
language model because it better represents the processing effort given 
the domain experience.

Methodology

While the language models in Study 2 match the readers’ do-
main expertise, this study analyzes the predictive power of surprisal 
from text-aligned language models. For biology reading materials the 
biology-adapted models were used to estimate the surprisal of both, 
biology and physics students. The surprisal for physics texts was cal-
culated with physics LMs. Like in Study 2, we consider surprisal from 
LMs throughout the process of domain adaptation with either adapters 
or full fine-tuning. We evaluate the predictive power of text-aligned 
surprisal with 𝛥LL and visualize its values.

Results

Fig.  7 shows the predictive power of text-aligned surprisal from 
both domain adaptation techniques (full fine-tuning and adapters) 
throughout the process of training, for each of the three reading mea-
sures: first-pass (FPRT), go-past (GP) and total reading time (TFT). 
We generally notice that adding text-aligned surprisal has a beneficial 
effect on reading time prediction with the quality of the fit improving 
across reading measures and adaptation techniques. This is reflected in 
positive 𝛥LL values.

The quality of the fit seems to vary very little throughout the process 
of domain adaptation for biology and physics models: especially for 
go-past and total time, surprisal estimates based on various amounts 
of training data lead to very similar values of 𝛥LL. This contrasts with 
the results found for reader-aligned surprisal in Fig.  6. Both figures use 
the same legend settings for each reading measure making the figures 
directly comparable. In the reader-aligned results we see clear benefits 
of the alignment with the model fit achieving a higher quality than for 
text-aligned. This holds for the two late measures (GP and TFT), where 
surprisal estimates from models with both adaptation techniques with 
longer training have a larger predictive power than those from models 
with less training. This, in turn, does not seem to be the case for first-
pass time: the results with text- and reader-aligned surprisal for fitting 
first-pass RT are almost indistinguishable, both showing a benefit to the 
same degree.

7 We also point the interested reader to the discussion in Shain (2024) 
regarding the relationship of frequency and surprisal: their analyses indicate 
that frequency and surprisal effects are dissociable, i.e., that they cannot be 
reduced to one another in human processing, but also that effects of both of 
these metrics can be found in both early and late reading measures.
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We conducted additional statistical tests to compare the fit quality 
of text- and reader-aligned surprisal focusing on the point of training 
with the highest 𝛥LL for each reading measure. The methodology and 
results are described in Appendix C. To summarize, reader-alignment 
indeed leads to a better fit than text-alignment for the two late mea-
sures. However, for first-pass time, the two alignment methods are 
comparable, with neither showing a clear advantage.

Discussion

The results for text-aligned surprisal show that the values of 𝛥LL 
stay in similar ranges around the median for each reading measure, 
both at the beginning and end of training. After 4 steps of domain 
adaptation, the LMs are hardly tuned to the domain: the perplexity 
of the full fine-tuning on in-domain PoTeC data is still reduced after 
subsequent further training steps, even more so for adapters (Fig.  4). 
After 1024 steps, the perplexity values are much lower indicating that 
the LM can indeed predict the words of the domain well. This is also 
reflected in surprisal values for technical terminology (Fig.  5): after 4 
steps of training they are still high and close to those of the non-adapted 
LM (step 0), but drop throughout the course of domain adaptation. The 
level of domain adaptation seems to matter very little when all readers 
(regardless of their domain expertise) are assigned the same surprisal 
estimates, and the source of surprisal is aligned to represent the text 
best (i.e. is text-aligned). The amount of training neither improves nor 
harms the fit to reading times. In the course of training, LMs are tuned 
to the target domain and the properties of its language. For roughly half 
of the participants in the dataset, the reduced surprisal provides a more 
accurate estimation of their processing effort, while this is less true for 
the other half. We speculate that this balance between improvement 
for some participants and disadvantage for others results is a trade-off, 
leading to minimal variation in fit quality across different stages of LM 
adaptation.

The predictive power of text-aligned surprisal in Fig.  7 does not 
fluctuate much with training, but it lies consistently above the baseline 
and significantly improves the fit (see Appendix C for significance 
testing). This indicates that estimating the same surprisal model for all 
readers can still be informative for reading time prediction. In studies 
where the domain familiarity of the readers was not assessed or is 
otherwise unknown, it is still a good idea to estimate a domain-adapted 
surprisal model. However, we find that an even better modeling choice 
is to use reader-aligned surprisal: when the domain knowledge was 
considered in estimating the processing cost in terms of surprisal, the 
models of reading time were of higher quality.

General discussion

Modeling of other cognitive constructs

Our study investigates the effect of domain expertise on eye-
movements during reading as a group-level difference between readers, 
and observes that expertise has effects that can be found both in early 
and late reading measures. Expertise is however not the only dimension 
along which readers differ — other cognitive properties or abilities 
might affect reading, due to effects on the retrieval of relevant concepts, 
or text comprehension and recall. For example, working memory capac-
ity (Kaakinen et al., 2003; Ricks & Wiley, 2009; Schurer et al., 2020) 
has previously been shown to have effects on reading. Computational 
models that mimic working memory capacity effects in humans could 
hence be used in order to model human readers with different working 
memory capacities, and test whether such memory-capacity matched 
models can predict reading times more accurately, compared to generic 
models. In fact, there are recent first attempts which indicate that 
memory-limited large LMs have better the psycholinguistic predictive 
power for explaining reading times compared to current models that 
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Fig. 7. Change in the log-likelihood (𝛥LL) upon adding text-aligned surprisal to the reading time regression model with surprisal estimates coming from either a fully fine-tuned 
model (Full FT, subplot A) or an adapter (Adapter, subplot B). The number of training steps of domain adaptation is indicated on the 𝑥-axis for biology LMs, and the 𝑦-axis for 
physics LMs. The plot shows results for first-pass (FPRT), go-past (GP) and total fixation time (TFT).
have unrealistically high memory capacity (Kuribayashi et al., 2022; 
Timkey & Linzen, 2023).

However, these works have only been modeling population-level 
effects, and could be extended to individual-level or group-level predic-
tions in future work. To test hypotheses about the effect of cognitive 
factors and whether they can be successfully modeled in computa-
tional models, it is necessary to validate predictions against reading 
corpora that also have information on readers’ individual differences 
such as their working memory capacity or literacy level. The recently 
developed InDiCo corpus (Haller et al., 2024-11-28) of eye-tracking-
during-reading includes several tests of individual differences, and 
could be a useful resource for future research in this direction.

Informativeness and meaning of the eye movement signal

We find that domain expertise has a main effect on early (first-
pass reading) as well as late measures (go-past and total reading time), 
but find that the alignment of surprisal patterns with the measures 
differently. Most notably, the prediction of first-pass RT benefits from 
the reader- and text-aligned surprisal predictor equally well, while 
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reader-aligned surprisal shows to be more informative than text-aligned 
for both late measures. We speculate that this is either related to the 
domain specificity of the surprisal estimates or to the possibly distinct 
cognitive processes that the reading measures index. The measures are 
related and even included in each other (i.e. first-pass RT is included 
in go-past as well as total RT), but we assume they index different 
processes since they lead to different results. A promising first step is 
to explore the sensitivity of each measure to oculomotor and lexical 
processing-based factors (Heilbron et al., 2023).

One empirical approach to disentangle the functions of different 
reading measures is using co-registration to simultaneously record the 
eye movement signal and, for instance, event-related potentials (Frank 
& Aumeistere, 2024; Hollenstein et al., 2018). This can provide a key 
for the better understanding of the eye-mind link and the temporal 
dynamics of language processing during reading. For example, van 
Moort et al. (2020) found diverging results from the eye movement 
and the fMRI signals in the study of reading text that contradicts prior 
knowledge: while their behavioral data from eye-tracking shows in-
consistent patterns for text- and knowledge-based contradictions, brain 
imaging suggests that text-based and knowledge-based information 
during reading are processed differently. Our study uses data from 
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naturalistic reading. However, an experimental design with clearly 
defined conditions and precise predictions about the measures could 
complement our findings and provide more clarity on the specific 
cognitive processes that they reflect.

In line with this research agenda, several studies have developed 
theoretical accounts of specific reading measures (Andrews & Veldre, 
2020; Paape & Vasishth, 2022; Weiss et al., 2018; Wilcox et al., 2024). 
The extent to which word predictability influences these measures 
and the mechanisms by which predictability should be estimated has 
been explored by de Varda et al. (2023). Their findings indicate that 
both human-based and computational estimates of predictability can 
successfully predict various reading time measures, albeit with differing 
levels of accuracy, leaving room for further theory building.

Computational models between theory and technology

In our study, we find that reader-alignment of LMs results in better 
estimations of human processing effort than text-alignment. However, 
even text-aligned domain-adapted models are shown to outperform 
domain-general surprisal models in terms of their ability to predict 
reading times. For the PoTeC corpus, the improvement in reading time 
prediction from text-aligned surprisal may be due to the fact that it still 
aligns with the reader’s experience for half of the data, and because 
the two domains used in the corpus share overlapping vocabulary. Our 
results do not support the conclusion that text-aligned surprisal would 
also predict reading times better than a domain-general model if the 
readers were all novices, so that the domain-general model would in 
fact model all readers adequately. In fact, this would be an interesting 
and testable prediction for future work.

The domain adaptation methods that we have proposed here have 
proven to be computationally adequate models in that they capture the 
differences in reading patterns between domain experts and novices. 
However, these findings at the computational level do not warrant 
conclusions about the architectural level. In fact, the adapter models, 
which ultimately exhibited numerically the best results with respect 
to predictive power of the reading times are cognitively implausible 
in many ways: they involve introducing additional randomly initiated 
variables into the network, and as a result, during the first steps of 
domain adaptation, their prediction accuracy on general text as well as 
the new text decreases. This is implausible both from an architectural 
point of view and from a performance point of view. While full fine-
tuning shows more plausible behavior, it is computationally expensive 
and exhibits catastrophic forgetting effects on the general domain. 
Future work could investigate such effects in more detail to better 
understand how readers adapt their expectations to different contexts 
or situations.

More generally, this raises a question on the role of language 
models and their development: language models as language tools 
vs. implementations of theories supporting computational cognitive 
modeling. Guest and Martin (2021) caution against a prevalent fallacy 
in cognitive science: inferring that because a computational model 
correlates with or predicts human data, it must operate via the same 
mechanisms as human cognition. This inference is logically flawed 
and Guest and Martin (2021) point out two primary concerns: one 
regarding models, the other concerning data.

First, functional correspondence does not entail mechanistic equiv-
alence. Distinct underlying mechanisms can yield similar input–output 
behavior, which is a principle known as multiple realizability (e.g. 
Fodor & Pylyshyn, 1988). This is especially pertinent in frameworks like 
surprisal theory, which provide predictive success without specifying 
generative mechanisms. As demonstrated by comparable results across 
different domain adaptation techniques, similar predictive performance 
does not imply shared cognitive processes. Neglecting this distinction 
risks misattributing cognitive validity to models and mischaracterizing 
human cognition itself.
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Second, while empirical data is essential for theory evaluation, it 
is not sufficient for theory construction. As Guest and Martin (2021) 
argue, data collection is shaped by theoretical assumptions, and thus 
empirical results must be interpreted within a rigorous theoretical 
context. The rapid deployment of large language models enables quick 
correlation analyses with human data, but often lacks the theoretical 
scrutiny necessary for meaningful cognitive insight.

Additionally, van Rooij et al. (2024) argue that AI’s current fram-
ing as a technological endeavor may detract from its value in ad-
vancing theoretical understanding of cognition. Nonetheless, the field 
holds promise. Advancing computational cognitive modeling requires 
developing interpretable models informed by cognitive theory (van 
Rooij et al., 2024), and characterizing the internal operations of deep 
neural networks in psychologically meaningful terms (Guest & Mar-
tin, 2021). While both human cognition and neural networks remain 
partially opaque, the recent development of interpretability methods 
offers potential for using such models as valuable tools for cognitive 
theory (McGrath et al., 2024).

Conclusion

In this study we focus on adapting language models to better 
account for differences between readers by improving the predictive 
power of surprisal estimates. Specifically, we analyze the early and 
late measures of reading times of participants with a background in 
either physics or biology. We add to the body of work on the use 
of language models for modeling online language comprehension by 
exploring two methods for domain adaptation: full fine-tuning and 
adapters. As opposed to general language models or those adapted to 
the domain of the text, we find that aligning the models to the expertise 
of the reader led to better surprisal estimates for predicting late mea-
sures, while the early measure shows less clear results. Late measures 
are an aggregate and as such might be more robust to unaccounted 
individual differences, e.g. in reading styles. Our results leave open 
the question what processing cost surprisal operationalizes in different 
reading measures over the time course of reading. Comparing fully 
fine-tuned and adapter models, we find similar empirical results in 
predictive power of surprisal. Adapters are more parameter efficient 
than full fine-tuning, making them a promising tool for computational 
modeling. However, to support theory building, it is crucial that future 
work looks beyond the model behavior and considers the mechanisms 
that drive this behavior as well as revises engineering decisions such as 
tokenization that affect our conclusions about word representation in 
language models.
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Appendix A. Example stimulus

Translation of the example stimulus from Fig.  1.

(1) In der homologen Rekombinationsreparatur veranlasst RecA in 
Verbindung mit einer Reihe weiterer Proteine die Auflösung der 
angehaltenen Replikationsgabel. Kommt der Replikationskom-
plex an
In the homologous recombination-repair triggers RecA in con-
junction with a range other proteins the dissolution the arrested 
replication-fork. Arrives the replication-complex at
‘In homologous recombination repair, RecA, in conjunction with 
a number of other proteins, triggers the dissolution of the ar-
rested replication fork. When the replication complex reaches’

Appendix B. Linear mixed-effects model from Study 1

See Table  B.2.

Table B.2
Regression coefficients and test statistics from the baseline linear mixed-effects models 
for three reading measures: first-pass (FPRT), go-past (GP) and total fixation time (TFT) 
. The asterisk indicates the 𝑝-value: *** (𝑝 < 0.001), ** (𝑝 < 0.01), * (𝑝 < 0.05), no 
asterisk (𝑝 > 0.05).
 Measure Variable 𝛽 𝑆𝐸 𝑡 𝑝

 

FPRT

(Intercept) 5.62 0.02 334.65 ***
 Length 0.21 0.008 28.02 ***
 LogFreq −0.01 0.008 −1.42
 Position −0.03 0.005 −5.34 ***
 Expertise −0.02 0.002 −11.66 ***
 Terminology 0.05 0.008 5.99 ***
 Expertise:Terminology −0.02 0.002 −8.18 ***

 

GP

(Intercept) 5.95 0.02 266.91 ***
 Length 0.26 0.009 28.07 ***
 LogFreq −0.04 0.01 −4.01 ***
 Position −0.02 0.006 −3.02 **
 Expertise −0.03 0.003 −13.31 ***
 Terminology 0.07 0.009 7.69 ***
 Expertise:Terminology −0.03 0.002 −10.25 ***

 

TFT

(Intercept) 6.23 0.03 191.90 ***
 Length 0.31 0.009 33.65 ***
 LogFreq −0.09 0.01 −8.33 ***
 Position −0.05 0.006 −8.97 ***
 Expertise −0.08 0.002 −34.41 ***
 Terminology 0.07 0.01 6.82 ***
 Expertise:Terminology −0.03 0.002 −11.80 ***

Appendix C. Comparison of alignment methods

It is possible to think of language models as general tools that can 
be adapted to represent either a domain or a group of readers better. 
To synthesize the observations from Study 2 and this study, we use 
a statistical test to compare the quality of the predictions of reading 
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Table C.3
Comparison of regression models for the three reading measures in terms of their log-
likelihood (LL) and the Akaike Information Criterion (AIC). 𝜒2 is the test statistic of the 
likelihood ratio test with significance values indicated as *** (𝑝 < 0.001), ** (𝑝 < 0.01), 
* (𝑝 < 0.05), no asterisk (𝑝 > 0.05).
 Measure Surprisal LL 𝛥LL 𝜒2 AIC

 
FPRT

None −66218.6 – – 132461.3
 General −66141.4 77.2 154.4∗∗∗ 132308.9
 Text-aligned −66135.0 83.6 167.2∗∗∗ 132296.0
 Reader-aligned −66132.8 85.8 170.6∗∗∗ 132291.6

 
GP

None −91014.8 – – 182053.5
 General −90904.2 110.6 221.14∗∗∗ 181834.4
 Text-aligned −90900.3 114.5 228.87∗∗∗ 181826.6
 Reader-aligned −90860.2 154.6 309.08∗∗∗ 181746.4

 
TFT

None −109629.5 – – 219283.1
 General −109488.2 141.3 282.7∗∗∗ 219002.4
 Text-aligned −109484.1 145.4 290.8∗∗∗ 218994.3
 Reader-aligned −109453.7 175.8 351.6∗∗∗ 218933.4

Table C.4
The Vuong test (non-nested likelihood ratio test), its test statistics and significance 
values. The asterisk indicates the 𝑝-value: *** (𝑝 < 0.001), ** (𝑝 < 0.01), * (𝑝 < 0.05), 
no asterisk (𝑝 > 0.05)

Surprisal m1 fits better than m2 (𝑧)
m1 m2 FPRT GP TFT

 Reader-aligned General 3.19∗∗∗ 6.89∗∗∗ 3.89∗∗∗
 Reader-aligned Text-aligned −0.08 9.35∗∗∗ 4.54∗∗∗
 Text-aligned General 3.16∗∗∗ 1.42 1.34

times with models including either 1) general surprisal from a domain-
general language model (the original GerPT2), 2) text-aligned surprisal 
from a domain-adapted LM, 3) reader-aligned surprisal from the same 
domain-adapted LM.

We use the domain-general GerPT2 as is. For surprisal from domain-
adapted models, we use language models that had the highest improve-
ment over the baseline in terms of 𝛥LL for each reading measure: an 
adapter LM at 256 steps for first-pass-reading, and adapters at 4,096 
steps for both go-past and total reading time. This selection procedure 
allows for a small number of comparisons, i.e. avoiding the problem 
of multiple comparisons. We also emphasize the test results are to be 
interpreted in conjunction with the trends visualized in Figs.  6 and 7.

To compare the fit of non-nested models, we apply the Vuong 
likelihood ratio test (Vuong, 1989) for pair-wise comparisons using 
the nonnest2 package in R (see also Merkle et al., 2016). The test 
compares the likelihoods of the data under the two models, correcting 
for any differences in the degrees of freedom.

Due to technical issues with memory, we were not able to compare 
two linear mixed-effects regression models with the Vuong test. To still 
compare the quality of the fit given surprisal predictors, we fit simple 
linear regression models, with the same fixed effects as the linear-
mixed effects counterparts, but without the random effects structure. 
While this reduces the complexity of the modeled data, we resort to 
linear models only for comparison of non-nested regression models. b 
provides the effect sizes, standard errors and test statistics for mixed-
effects models and their basic regression counterparts, showing that the 
simple regression and the linear mixed-effects model estimates are very 
similar.

Table  C.3 shows the raw log-likelihood alongside with 𝛥LL (with 
respect to the baseline), the 𝜒2 statistic and its 𝑝-value, and the Akaike 
Information Criterion (AIC). The 𝜒2 statistic reveals that adding any of 
the three surprisal sources significantly improves the fit over and above 
the covariates, expertise and terminology predictors.

Table  C.4 presents the results of the Vuong test. For go-past and total 
RT, pairwise differences between the reader-aligned surprisal model 
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Table D.5
Reader-aligned surprisal: linear-mixed effects models and their basic linear regression counterparts.
 Variable LMER LM

 𝛽 SE t p 𝛽 SE t p

 

FP
RT

(Intercept) 5.62 0.02 336.16 *** 5.62 0.002 2813.88 ***
 Length 0.18 0.008 23.99 *** 0.18 0.003 72.53 ***
 LogFreq 0.008 0.008 1.00 0.005 0.003 1.65
 Position −0.02 0.005 −4.49 *** −0.02 0.002 −14.51 ***
 Expertise −0.02 0.002 −10.76 *** −0.02 0.002 −8.74 ***
 Terminology 0.04 0.007 5.43 *** 0.04 0.002 15.96 ***
 Expertise:Terminology −0.01 0.002 −7.50 *** −0.009 0.002 −5.02 ***
 Reader-aligned surprisal 0.08 0.006 13.36 *** 0.08 0.002 40.36 ***

 

GP

(Intercept) 5.95 0.02 268.34 *** 5.94 0.003 2353.58 ***
 Length 0.21 0.009 23.91 *** 0.21 0.003 66.26 ***
 LogFreq −0.01 0.009 −1.03 −0.02 0.004 −4.84 ***
 Position −0.01 0.005 −2.06 * −0.01 0.002 −6.73 ***
 Expertise −0.02 0.002 −8.90 *** −0.02 0.002 −7.88 ***
 Terminology 0.07 0.009 7.49 *** 0.07 0.003 21.20 ***
 Expertise:Terminology −0.02 0.002 −6.72 *** −0.01 0.002 −5.02 ***
 Reader-aligned surprisal 0.12 0.007 18.23 *** 0.12 0.003 46.36 ***

 

TF
T

(Intercept) 6.23 0.003 192.62 *** 6.25 0.002 2543.68 ***
 Length 0.26 0.009 29.73 *** 0.25 0.003 84.22 ***
 LogFreq −0.05 0.01 −5.44 *** −0.04 0.003 −12.05 ***
 Position −0.05 0.006 −8.49 *** −0.04 0.002 −21.71 ***
 Expertise −0.07 0.002 −29.31 *** −0.07 0.002 −30.07 ***
 Terminology 0.06 0.009 6.74 *** 0.07 0.003 22.52 ***
 Expertise:Terminology −0.02 0.002 −7.71 *** −0.01 0.002 −6.28 ***
 Reader-aligned surprisal 0.13 0.007 19.45 *** 0.13 0.002 53.89 ***
Table D.6
Text-aligned surprisal: linear-mixed effects models and their basic linear regression counterparts.
 Variable LMER LM

 𝛽 SE t p 𝛽 SE t p

 

FP
RT

(Intercept) 5.62 0.02 33.31 *** 5.62 0.002 2814.60 ***
 Length 0.18 0.008 23.97 *** 0.18 0.003 72.48 ***
 LogFreq 0.008 0.008 0.99 0.004 0.003 1.56
 Position −0.02 0.005 −4.52 *** −0.02 0.002 −14.68 ***
 Expertise −0.02 0.002 −11.74 *** −0.02 0.002 −9.78 ***
 Terminology 0.04 0.008 5.59 *** 0.04 0.002 16.38 ***
 Expertise:Terminology −0.02 0.002 −8.28 *** −0.01 0.002 −5.85 ***
 Text-aligned surprisal 0.08 0.006 13.24 *** 0.08 0.002 40.36 ***

 

GP

(Intercept) 5.95 0.02 268.61 *** 5.94 0.002 2352.99 ***
 Length 0.22 0.009 24.23 *** 0.22 0.003 67.23 ***
 LogFreq −0.01 0.009 −1.21 −0.02 0.004 −5.20 ***
 Position −0.01 0.005 −2.22 * −0.01 0.002 −7.26 ***
 Expertise −0.03 0.002 −13.36 *** −0.03 0.002 −12.39 ***
 Terminology 0.07 0.009 8.20 *** 0.07 0.003 23.04 ***
 Expertise:Terminology −0.03 0.002 −10.36 *** −0.02 0.002 −8.71 ***
 Text-aligned surprisal 0.11 0.007 15.68 *** 0.11 0.002 44.37 ***

 

TF
T

(Intercept) 6.233 0.03 192.78 *** 6.26 0.002 2544.61 ***
 Length 0.27 0.009 29.88 *** 0.25 0.003 85.01 ***
 LogFreq −0.05 0.01 −5.42 *** −0.04 0.003 −12.19 ***
 Position −0.05 0.005 −8.61 *** −0.04 0.002 −22.19 ***
 Expertise −0.08 0.002 −34.53 *** −0.08 0.002 −35.27 ***
 Terminology 0.07 0.009 7.41 *** 0.07 0.003 24.68 ***
 Expertise:Terminology −0.03 0.002 −11.84 *** −0.02 0.002 −10.59 ***
 Text-aligned surprisal 0.12 0.007 17.76 *** 0.12 0.002 52.95 ***
and text-aligned or general surprisal reveal that including reader-
aligned surprisal yields the best model fit. For first-pass RT, both 
reader-aligned and text-aligned surprisals are more beneficial than the 
general surprisal, but comparing them against each other shows that 
the predictive power of reader-aligned surprisal does not significantly 
17 
differ from the predictive power of text-aligned surprisal on first-pass 
reading times.

Appendix D. Linear mixed-effects models and their basic linear 
regression counterparts from Study 3

See Tables  D.5–D.7.
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Table D.7
General surprisal: linear-mixed effects models and their basic linear regression counterparts.
 Variable LMER LM

 𝛽 SE t p 𝛽 SE t p  
 

FP
RT

(Intercept) 5.61 0.02 335.98 *** 5.62 0.002 2809.51 *** 
 Length 0.18 0.008 23.93 *** 0.18 0.003 72.57 *** 
 LogFreq 0.004 0.008 0.52 0.001 0.003 0.34   
 Position −0.02 0.005 −4.06 *** −0.02 0.002 −13.06 *** 
 Expertise −0.02 0.002 −11.73 *** −0.02 0.002 −9.74 *** 
 Terminology 0.04 0.008 5.01 *** 0.04 0.002 14.56 *** 
 Expertise:Terminology −0.02 0.002 −8.29 *** −0.01 0.002 −5.87 *** 
 General surprisal 0.08 0.006 12.70 *** 0.08 0.002 39.37 *** 
 

GP

(Intercept) 5.94 0.02 268.20 *** 5.93 0.003 2346.03 *** 
 Length 0.23 0.009 23.70 *** 0.21 0.003 65.88 *** 
 LogFreq −0.02 0.009 −1.88 −0.02 0.004 −6.91 *** 
 Position −0.008 0.006 −1.51 −0.01 0.002 −4.90 *** 
 Expertise −0.03 0.002 −13.33 *** −0.03 0.002 −12.15 *** 
 Terminology 0.06 0.009 6.49 *** 0.06 0.003 18.40 *** 
 Expertise:Terminology −0.03 0.002 −10.37 *** −0.02 0.002 −8.64 *** 
 General surprisal 0.12 0.008 15.47 *** 0.12 0.003 43.80 *** 
 

TF
T

(Intercept) 6.22 0.03 192.44 *** 6.25 0.002 2535.53 *** 
 Length 0.26 0.009 29.23 *** 0.25 0.003 83.34 *** 
 LogFreq −0.06 0.01 −6.22 *** −0.05 0.003 −14.25 *** 
 Position −0.04 0.006 −7.89 *** −0.04 0.002 −19.53 *** 
 Expertise −0.08 0.002 −34.54 *** −0.08 0.002 −35.08 *** 
 Terminology 0.05 0.009 5.48 *** 0.06 0.003 19.14 *** 
 Expertise:Terminology −0.03 0.002 −11.86 *** −0.02 0.002 −10.55 *** 
 General surprisal 0.13 0.002 16.49 *** 0.12 0.002 52.38 *** 
Data availability

All data and analysis scripts are made available at https://osf.io/
78jdq/.
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