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Abstract
Reading time has surfaced as a viable proxy for readability and comprehension. However, most studies used reading
times obtained in controlled experimental settings with eye-tracking or self-paced reading tasks, which differs from
uncontrolled, more naturalistic reading behaviour in the wild. Through a collaboration with a newspaper, we have
access to a dataset of Dutch news articles with corresponding clickstream reading times averaged across thousands of
readers. To address the issue, we evaluate how well common proxies for readability and comprehension hold on data
from online readers. We first group the proxies in four dimensions and compute the correlation between the proxies
and the average reading time per token for each dimension. Then we assess if the proxies can meaningfully predict
reading time per token. The results are surprising: we find no meaningful correlation between any proxy and the aver-
age reading time per token, nor can any proxy be used for reliable prediction. Additionally, we rerun the prediction on
corresponding, automatically simplified texts and surprisingly find increased predicted reading times per token. These
results imply that clickstream reading time must be considered with caution as a proxy for readability or comprehension.

Keywords: Comprehension, readability, readability proxies, reading time prediction, real-world data, sur-

prisal, text difficulty, text simplification
1. Introduction and Background

A crucial task in natural language processing (NLP)
is to automatically establish the difficulty or readabil-
ity of a given text (Schwarm and Ostendorf, 2005;
Vajjala and Meurers, 2012; De Clercq and Hoste,
2016; Deutsch et al., 2020; Xu et al., 2023). The
interest for this is mostly driven by their usefulness
in real-life applications. For example, the automatic
assessment of the readability of a text can serve
as a vital instrument for adapting the difficulty level
of texts to different audiences (Martin et al., 2020;
Hobo et al., 2023; Sauberli et al., 2024). This is
a challenging task and has therefore attracted the
attention of a lot of previous research. From a high-
level perspective, this research can be divided into
two directions.

The first direction is conceptually tied to the idea
that the syntactic profile of a text can serve as
a good indicator for the task. Intuitively, for ex-
ample, longer and more convoluted sentences
should hamper readability. In practice, texts are
put through some automatic text analysis tool, from
which features can be extracted that should corre-
late well with difficulty or readability (De Clercq and
Hoste, 2016; Brunato et al., 2018; Bulté et al., 2018;
Deutsch et al., 2020; Martin et al., 2020; Maat et al.,
2023; Seidl and Vandeghinste, 2024).

For example, in developing a readability assess-
ment framework for English and Dutch, De Clercq
and Hoste (2016) use lexical, semantic, and syntac-
tic features (such as sentence and phrase length,
and clause structure) as main predictors of read-

ability. They indeed find that syntactic features
are important contributors to readability. Brunato
et al. (2018) also find that syntactic features are
consistent predictors, in this case of what humans
perceive as difficult text.

The picture, however, is not so crystal clear. In
a readability metric for Dutch (LiNT) recently intro-
duced by Maat et al. (2023), two of the four features
which result in strong predictors of text comprehen-
sion are again syntactic features, namely clause
length and dependency length, with the other two
being lexical-semantic in nature (word frequency
and noun concreteness). However, as shown by
Beks van Raaijj et al. (2024), this metric often mis-
aligned with human judgments, where participants
preferred text simplifications that LINT deemed less
readable. Deutsch et al. (2020) explore whether
augmenting neural models with syntactic features
improves their performance for readability assess-
ment. They find that adding syntactic features to
a transformer (BERT) model only barely improves
prediction in a low-resource setting and suggest
two explanations: one is that neural model repre-
sentations already implicitly capture syntactic in-
formation; the other is that the results might be
affected by problems in the readability labels of the

corpora they use.
In the second direction, the concept of surprisal,

which comes from surprisal theory (Hale, 2001;
Levy, 2008), comes into play. It is well known that
human surprisal, i.e., how surprised readers are
to encounter the next word in a text, correlates
well with the difficulty, comprehension, and read-
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Text profiling | Readability metrics | LLMs | Metadata
» Profiling-UD (Brunato | « LINT (Maat et al., 2023) * Surprisal * Topic
et al., 2020) scores

* T-Scan (Pander Maat
and Dekker, 2016)

* Flesch-Douma (Douma, 1960)

» Brouwer Index (Brouwer, 1963)

» Newspaper

» Day-of-week

Table 1: Overview of the data representation with the four dimensions we study and the features herein.

ing time of that word (Levy, 2008; Smith and Levy,
2008; Wilcox et al., 2023). Large language models
(LLMs) are now commonly used to predict the next
word and their uncertainty (or surprisal) about the
next word also correlates well with human reading
behaviour (Xu et al., 2023; Boeve and Bogaerts,
2025). Recent works by Wilcox et al. (2023) and
Xu et al. (2023) show that the relationship between
LLM surprisal and reading behaviour holds across
languages and is mainly a linear or superlinear ef-
fect. However, LLMs are vulnerable to changes
in size, domain, language, and intended audience
that substantially affect the surprisal estimation (Xu
et al., 2023; Boeve and Bogaerts, 2025; Oh and
Linzen, 2025). Moreover, Huang et al. (2024) and
Wang et al. (2024) stress that LLM surprisal seems
to only partially explain processing load in syntac-
tically complex sentences, such as garden-path
sentences.

Given the challenges of automatic prediction
methods for readability, difficulty, and in general
comprehension, previous research has also looked
into automatically predicting the reading time of
a text. This has been shown to correlate well with
both difficulty (Singh et al., 2016; Hollenstein et al.,
2022) and comprehension (Levy, 2008; Wang et al.,
2024) and can therefore serve as a valuable proxy.
An effective prediction of reading time can then
be used to improve automatic text simplification,
assuming that people read faster through simpler
texts. Better text simplification leads to improved
news accessibility for demographics that find news
inaccessible, such as native, lower-educated indi-
viduals, or nonnatives trying to learn the language.

However, these studies use data collected in
controlled experimental studies and do not look
at uncontrolled, more naturalistic reading behav-
jor. At the same time, millions of people read the
news daily on devices such as desktop, laptop, and
mobile phones, leaving behind a gold mine of in-
formation on real-world news reading. Thanks
to a collaboration with a regional newspaper, we
have access to such a dataset, consisting of around
25,000 news articles with corresponding reading
times averaged across thousands of readers. This
puts us in an excellent position to investigate the

research question at the heart of this paper: How
well do the findings of readability and comprehen-
sion research on reading time hold on data from
reading in uncontrolled environments? Providing
an answer to this question would enable the refine-
ment of existing, or the development of new metrics
and strategies to model readability in a more realis-
tic and, hopefully, usable way.

Findings To address this research question, we
systematically assess whether known proxies for
readability are indeed good indicators of reading
time in data from online readers, using Dutch news
articles. Additionally, we test the correlation be-
tween LLM surprisal and reading time and combine
surprisal with measures of syntactic complexity. We
group the features into four feature dimensions and
compute the correlation between the features and
the average reading time per token for each dimen-
sion. Our results are quite surprising, as we find
no meaningful correlation between any of the well-
established proxies for readability and the reading
time. This calls for caution for any future research
that wants to use clickstream reading time as a
proxy for readability or comprehension.

2. Method

In this section, we outline our dataset, describe
how we compute or retrieve all the features associ-
ated with each feature dimension, and explain our
experiments.

2.1.

Through our collaboration with a regional newspa-
per belonging to the Mediahuis publishing group,
we have access to a dataset of all digital articles in
Dutch released by the publisher across its outlets
in 2024, which adds up to 24,946 news articles.
Given that articles are reused between newspa-
pers, can be republished, or can be updated, this

Dataset Description

TAll code is available at: https://github.com/
sijbrenvv/Reading-time-in-the-wild. The fi-
nal dataset will be available upon request under license
and non-disclosure agreement.
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\ \ Profiling-UD T-Scan
Domain | Feature | Mean SD Min Max | Mean SD Min  Max
Avg. sentence length (words) 165 32 69 383 15.1 30 6.0 368
Length Avg. clause length (words) 96 35 58 105.0 95 20 53 368
Max dependency length 89 21 37 285 6.1 1.7 00 176
Avg. prepositional chain length 11 0.1 0.0 2.0 - - - -
Content word ratio 05 00 04 0.9 05 00 04 0.8
Lexical Proper nouns (%) 6.8 50 0.0 487 76 53 00 655
Broad concreteness (nouns) - - - - 06 0.1 01 1.0
Strict concreteness (nouns) - - - - 03 0.1 0.0 0.9
Adjectives (%) 65 20 05 146 74 20 00 16.8
Nouns (%) 178 34 14 309 | 196 33 54 333
PoS Pronouns (%) 55 33 0.0 201 10.1 41 0.0 251
Personal/possessive pronouns - - - - | 425 304 0.0 1842
Person references density - - - —| 96.8 449 0.0 476.2
Avg. arguments verb 30 04 0.7 4.4 - - - -
Max tree depth 33 05 14 5.7 - - - -
Syntactic | Subordinate clauses per sent - - - - 05 03 0.0 2.6
Nominal modifiers per clause - - - - 1.2 0.6 041 7.8

Table 2: Descriptive statistics of linguistic features extracted with Profiling-UD and T-Scan.

dataset contains duplicates and needs cleaning.
We ensure that each article has a body of at least
100 words, a reading time above zero (see below),
and 25 views or more, where the reader could ac-
tually read the article and was not hit by a paywall.
Subsequently, we drop duplicates based on the
publication date, title, and body.

Metadata and Reading Time Each article comes
with a set of metadata features. Two of these are
closely related to the readers’ engagement in the
article: the total number of views (views) and ag-
gregated reading time in seconds (reading time
sec). Thus, for each article we take the average
reading time by dividing the aggregated time by
the total number of views, and then obtain the av-
erage reading time per token, which we use in
our experiments. We take reading time per token
rather than per article to account for article length,
which plays a major role in the total reading time of
a given article. Then, we retain only articles with an
average reading time per token of 0.15s or higher
to reduce the influence of skimmed articles. This
threshold is in line with previous findings, which set
the average reading time per token specifically for
online news in a range between 0.10s and 0.20s
(Mitchell et al., 2016; Lehmann et al., 2017). The
average reading time distribution is explained in
Appendix A.2. As a result, the final dataset con-
tains 2,929 news articles from Mediahuis Noord
(regional newspapers only) that will be used for
correlation analysis, reading time prediction, and
simplification.

Each article additionally has the following meta-
data available: publication date, the newspaper in
which the article is published, title, and the article

topic, which is based on automatic assignment by
the publisher using embeddings.

Other Existing Datasets Three important read-
ing time corpora in Dutch are RaCCooNS (Frank
and Aumeistere, 2024), MECO (Siegelman et al.,
2022), and GECO (Cop et al., 2017). These cor-
pora contain reading times obtained via eye track-
ing, and each target a different reading level. For
the RaCCooNS corpus, the 37 participants read
200 sentences from the SONAR-500 corpus (Oost-
dijk et al., 2013) with sentences between 5 and
30 tokens, cultivating word-level reading times for
2,783 words. MECO, on the other hand, focuses
on the paragraph level. For this corpus, the 45 par-
ticipants read 12 paragraphs similar to Wikipedia,
where paragraphs were between 7 and 12 sen-
tences, and 161 and 213 words long. The corpus
contains paragraph-level reading times for 2,231
words in Dutch (Boeve and Bogaerts, 2025). In
contrast, the GECO corpus contains document-
level reading times for 59,716 words through eye
tracking of 19 participants reading half of the The
Mysterious Affair at Styles novel by Agatha Christie.
The average sentence length of the documents is
12 words.

How Is Our Data Different? The main difference
between the described corpora and our data is that
our data was obtained under uncontrolled condi-
tions and stems from online readers, whereas the
reading times in the aforementioned corpora are
gathered in a controlled experimental setting. Data
from a controlled experimental setting can poten-
tially impede the generalisability of the findings to
a real-world setting. Given that the news articles
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in our corpus have a minimum length of 100 words
and can run up to over 2,000 words, the corpus
can be used for both paragraph and document-
level analysis, allowing potential comparison to the
MECO corpus in future work.

2.2. Reading Time Calculation

The publisher measures reading time as time on
page with periodic attention checks (i.e., scrolling,
mouse movement, or keyboard hit). In digital read-
ing, there are no guarantees that a reader truly
reads or finishes the read. The system therefore
measures active attention/reading time as a rea-
sonable estimation. The system measures active
attention in blocks of 5 seconds with a bounce filter
of 3 seconds, a maximum of one minute for idling,
and a session timeout of 15 minutes. Appendix A.1
further explains the calculation process and possi-
ble disturbing factors like videos that influence the
calculation are discussed in Section 4.

2.3. Representation and Features

2.3.1. Text Profiling

For text profiling, we use a publicly available and a
closed access toolkit. One that works on various
languages (Profiling-UD, closed) and one that was
specifically developed for Dutch (T-Scan, open).

Profiling-UD Profiling-UD (Brunato et al., 2020)
is a text analysis tool developed to assist in research
on language variation using the Universal Depen-
cies (UD) framework (Nivre, 2015). The system is
useful for retrieving features across multiple linguis-
tic layers and allows for parallel profiling in different
languages due to the UD framework. Profiling-UD
uses a two-step approach in which it first performs
linguistic annotation using a preprocessing pipeline
specifically for the UD framework, and then per-
forms linguistic profiling over these annotations.

T-Scan T-Scan (Pander Maat and Dekker, 2016)
is a Dutch text difficulty and genre analysis tool that,
similar to Profiling-UD, provides features across
nine linguistic layers, including sentence complex-
ity, lexical complexity, lexical diversity, relational co-
herence, and concreteness. T-Scan can be used
to get feedback on written texts, in which the sys-
tem informs about text difficulty, highlighting which
aspects of the texts need revision specifically.

Feature Alignment and Selection Since
Profiling-UD does not always compute the same
set of features for each article (87-130), we ensure
that each article has the same set of features.
T-Scan always produces the same set of features,
covering 472 different features. We remove
features that have a constant value or where the

Metric Mean SD Min Max
Brouwer Index + 0.50 0.08 0.15 0.79
Flesch—-Douma + 0.62 0.07 0.27 0.83
LiNT (score 1) — 43.0 9.8 0.0 913
LiNT (score 2) — 426 96 00 918

Table 3: Descriptive statistics for the readability
metrics. A ’+’ indicates a positive slope - higher
score means higher readability - whereas a '’ in-
dicates a negative slope.

system cannot compute a particular feature in
more than 10% of instances.

Statistics To get a general idea of what the texts
look like, we compute basic descriptive linguistic
properties using both profilers. From Table 2, we
observe that both profilers show relative alignment
in length and lexical features, whereas a slight di-
vergence is visible in part-of-speech features. On
average, the texts in the dataset have a sentence
length of 15 to 16.5 words, in which the average
clause length is 9.5 words. The percentage of ad-
jectives and nouns is 6.5t0 7.4 and 17.8 to 19.6,
respectively, where roughly half of the nouns are,
to some degree, concrete, according to T-Scan.

2.3.2. Dutch Readability Metrics

For determining the correlation to reading time for
the readability dimension, we calculate readability
metrics specifically developed for Dutch.

Flesch-Douma The readability formula intro-
duced by Douma (1960) is based on Flesch’s
(Flesch, 1948) reading ease formula, in which the
constants are updated to Dutch based on agricul-
tural magazines and a multiplication is added to the
average sentence length: 207 — 0.93 x avgsentien —
77 x avgnumsyl. For interpretability purposes, we
scaled the score between 0 and 1.

Brouwer Index Brouwer Index (Brouwer, 1963)
is also based on Flesch’s reading ease formula
and is similar to the Flesch-Douma formula. In
contrast, the constants are based on the readability
of Dutch prose rather than agricultural magazines:
195 — 2 % avgsentlen — 67 x avgnumsyl. We also
scaled the Brouwer Index between 0 and 1.

LINT LINT (Leesbaarheidsinstrument voor
Nederlandse Teksten, Maat et al.,, 2023) is a
Dutch readability formula and tool that focuses
specifically on lexical and syntactic complexity.
The metric relates comprehension to the following
four features: Word frequency, noun concreteness,
clause length, and dependency length (Maat et al.,
2023).
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Model /Mean SD | Min | Max
EuroLLM-9B 815 156 445 2084
Fietje-2 64.0 157 235 210.9
mGPT 774 182 327 2259
Tweety-7B (Dutch v24a) 66.5 152 275 2238
Qwen3-1.7B 1144 242 60.2 267.6
Qwen3-4B 1457 313 714 3425

Table 4: Average surprisal scores across sentences
in our dataset, computed with various language
models. The lower the better.

The LINT metric is divided into two formulas,
using a regression analysis based on cloze tests
by 2700 Dutch high-school students, both using
word frequency and dependency length as their
foundation. LiNT score 1 focuses more on noun
distribution, whereas LINT score 2 focuses more
on noun concreteness and content words.

Statistics The readability metrics are computed
following their original formulas, with the help of the
Pyphen library? (Berendsen, 2013) to calculate the
number of syllables. In Table 3, we see that the
texts are already relatively readable, with average
scores close to 0.50 or 50. For Flesch-Douma and
Brouwer Index, this means that most articles use
shorter words or sentences. For LiNT, this implies
the articles use more frequent words and concrete
nouns, and shorter clauses. Nonetheless, there are
articles with extremely low readability, as depicted
by the maximum scores for LiNT, as well as the
minimum scores for Flesch-Douma and Brouwer
Index.

2.3.3. Large Language Model Surprisal

We use the Minicons library® (Misra, 2022) to com-
pute surprisal scores from different LLMs on the
texts. First, we extract all sentences from a given ar-
ticle. Then, we compute the surprisal scores from a
given LLM for all sentences and then average these
scores. The set of LLMs for the surprisal compu-
tation contains LLMs that are either pretrained on
Dutch or adapted for it and is similar to the models
used by Boeve and Bogaerts (2025): mgpt (1.3b,
Shliazhko et al., 2023), Qwen3 (1.7b and 4b, Qwen
Team, 2025), Fietje-2 (2.7b, Vanroy, 2024), Tweety-
7b-dutch (7b, Remy et al., 2024), and EuroLLM (9b,
Martins et al., 2024).

Statistics From Table 4, we observe that the
Qwen models show a higher variation in computed
surprisal scores, and much higher values.

®https://github.com/Kozea/Pyphen
Shttps://github.com/kanishkamisra/
minicons

While the other models have average surprisal
scores per sentence between 64 and 82, the Qwen
models range from 114 to 146. These higher sur-
prisal scores imply that the next token would likely
require greater processing effort during compre-
hension, given its lower contextual predictability. It
does make sense that models which have been spe-
cialised for Dutch show the lowest surprisal when
given articles written in Dutch.

Direct Assessment We also experiment with
asking LLMs directly to estimate the reading time
and text difficulty of given texts, based on various
prompts and examples. However, we found that the
models were unable to do this well at all, even the
larger closed models such as ChatGPT (GPT-40).
Therefore, we do not report on these experiments
in Section 3. The prompts can be found in Ap-
pendix B.

2.3.4. Metadata

Of the metadata features attached to the articles
(Section 2.1), we use three that might be relevant
in predicting reading times. These are the article’s
topic, the newspaper in which the article is pub-
lished, and on which day the article was published
(day of week).

2.4. Analysis and Prediction

To understand the relevance for reading time of
the various features we consider, we run both a
correlation analysis and a prediction task.

Correlation Analysis In the correlation analysis,
we compute Spearman’s p (Spearman, 1904) be-
tween the features of a dimension and the average
reading time per token.

Reading Time Prediction In this step, we train a
random forest regressor from the scikit-learn library
(Pedregosa et al., 2011) per dimension to predict
the average reading time per token, with default pa-
rameters, no hyperparameter tuning, and using an
80/20 train-test split. Aside from its performance,
we also want to analyse the feature importances in
such a model. In this way, we assess the extent to
which the features of each dimension can be used
as a proxy for reading time. Such a predictor could
be used to approximate text difficulty when gold
reading times are unavailable. We evaluate the
prediction using explainability of the dimensions
in reading time variation (R?), mean squared error
(M SE), mean absolute error (M AE), the correla-
tion between the true and predicted reading time
per token (p), and Shapley values (Lundberg and
Lee, 2017), which reveal feature importances on
the test set and can be used to assess which fea-
tures are most informative for the model.
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2.4.1. Baseline

We include a simple length-based baseline model
to put the predictive power of the feature dimension
into perspective. The baseline uses the number of
tokens and sentences in each article, as computed
by Profiling-UD. Since article length is typically a
strong predictor of reading time, this baseline allows
us to assess the additional predictive power of each
feature dimension beyond article length.

2.5. Simplification Experiment

To further understand how reading time relates to
text simplification, we run a simple simplification
experiment in which we automatically simplify our
data using an LLM. We used GPT-5.2-mini with
a generic prompt that can be found in Appendix
C.1.4 We rerun our profilers and recompute the
readability and LLM surprisal scores to analyse how
the profiles of the simplified articles change and to
examine how the predicted reading times per token
by our predictor is affected under simplification.

In the examination, we compare predicted read-
ing time distributions, inspect how the Shapley
values (feature importances) change, and dissect
which features drive change in predicted reading
time per token. To analyse how the profiles dif-
fer, we compute the mean relative change, and
the percentage of texts in which the feature has
changed. For the mean relative change, feature dif-
ferences are normalised by each feature’s median
across original texts. This way, the relative change
measure is robust against near-zero values and
comparable across features with different scales.

3. Results

First, we analyse the correlation between each di-
mension and the observed average reading time
per token. We then evaluate the extent to which
each dimension can be used to predict the reading
time per token using a random forest model. Fi-
nally, we examine how the reading time prediction
changes after simplification and analyse how the
profiles of the text change under simplification.

3.1.

Table 5 shows the correlations for each dimension
with observed reading time. Quite surprisingly, we
observe low and negligible correlations between
the dimensions and the reading time per token
across the board.

Correlation Analysis

Profiling For the profiling analysis, we show the
five best correlating features per profiler. None
of these features stand out as correlating highly,

4GPT-5.2-mini was queried in December 2025.

Dimension p
Profiling-UD
Number of tokens -0.418**
Number of sentences -0.384**
Number of prepositional chains -0.347*
Longest dependency link in number of tokens -0.186*
Distribution of adverbial modifiers -0.155**
T-Scan
Transition words of time per clause -0.059*
Dep. length noun - head relative clause -0.054*
Density of transition words of time -0.053*
Adverbial phrase with generic adverb per clause  -0.052*
Adverbial phrase per clause -0.050*
Readability metrics
Flesch-Douma -0.083**
Brouwer Index -0.064**
LiNT (score2) 0.009
LiNT (scorel) 0.006
LLM Surprisal
Qwen3-4B 0.037*
Qwen3-1.7B 0.030
EuroLLM-9B 0.006
Fietje-2 -0.004
mGPT 0.001
Tweety-7b (Dutch v24a) 0.001
Metadata n
Newspaper 0.170
Topic 0.095
Day of Week 0.068

Table 5: Spearman p correlation values between
features of each dimension and the average read-
ing time per token. Eta n for the metadata features.
A single star (*) indicates a p-value below 0.049,
and a double star (**) indicates a p-value below
0.001.

although there is a low correlation for some. Inter-
estingly, the best features are quite different: for
Profiling-UD they are mostly based on length, while
for T-Scan they are mostly about transition (or link-
ing) words and types of clauses. The length fea-
tures correlate negatively with reading time. This
might suggest a side-effect of the data: readers
in general are more likely to scroll through longer
articles, while shorter articles are more likely to
be read in full. While some of the best features
of T-Scan are more intuitive, e.g., texts with more
guidance (clear transition words) might require less
time to process, others are not, as abstract nouns (a
higher level of abstractness) seem to correlate with
lower reading times, but usually require a higher
processing load compared with concrete nouns.

Readability The readability metrics only have a
very slight correlation to reading time, showing no
substantial difference between traditional length-
based readability metrics and LiNT, which is based
on syntactic complexity. This finding corroborates
previous work that readability metrics are not al-
ways reliable proxies (van Oosten et al., 2010;
De Clercq and Hoste, 2016).
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LLM Surprisal and Metadata It has been well-
established that LLM surprisal correlates well with
reading time on the word level, also for Dutch
(Wilcox et al., 2023; Xu et al., 2023; Boeve and
Bogaerts, 2025). However, also for this dimension,
in our real-world data, we find near-zero correla-
tion values with no noticeable difference between
monolingual or multilingual, adaptation to Dutch,
and size. This curiously contradicts Boeve and
Bogaerts (2025) by finding no meaningful correla-
tion between LLM surprisal and real-world reading
behaviour. Finally, we find that the article’s topic,
newspaper, and day of publication do not correlate
meaningfully with its reading time per token. This
suggests the dataset noise does not simply explain
the findings and will be discussed in more detail in
Section 4.

3.2. Reading Time Prediction

The reading time prediction results, shown in Table
6, reinforce the correlation findings by showing low
explainability (R?) of the dimensions in the reading
time per token variation. The low correlations be-
tween the true and predicted average reading time
per token show that the dimensions are ineffective
for predicting the reading time per token. Interest-
ingly, Profiling-UD achieves a moderate Spearman
p score of 0.46, accompanied by an R? score of
0.22. This means that there is some useful infor-
mation in the combination of features.

Moreover, we find that the surprisal scores of the
monolingual Dutch model Fietje-2 and the model
adapted to Dutch Tweety-7b (Dutch v24a) were not
more informative to the model than the surprisal
scores of the multilingual models. This suggests
that using a monolingual model or adaptation to
the target language does not improve over a multi-
lingual model, which is consistent with the finding
of Wilcox et al. (2023) that multilingual and mono-
lingual may be equally viable.

Finally, the length-based baseline also shows a
low fit, which indicates that article length alone, al-
though typically a strong predictor of reading time,
explains little of the variance in reading time per
token in our data. This, curiously, suggests that
longer articles do not necessarily have longer read-
ing time per token.

3.3. Simplification

To explore a first use of reading time for text simpli-
fication evaluation in natural news reading, we con-
ducted a small simplification experiment, in which
we automatically simplify our data and examine
how the predicted reading time of our predictor is
affected. Details about the simplification experi-
ment can be found in Section 2.5. The distribution
plots of the predicted reading time per token for the

Dimension Metric / Feature Value
R? 0.215
MSE 0.002
MAE 0.033
P 0.461**
Prof. UD Number of tokens 0.011
Dist. of verbs with 4 arguments 0.003
Average verb edges 0.002
Dist. of infinitive verbs 0.002
Dep. dist. of nominal subjects 0.002
R? -0.084
MSE 0.002
MAE 0.039
P 0.007
T-Scan Proportion of abstract nouns 0.001
Transition words of time per clause 0.001
Adverbial phrase per clause 0.001
Density of punctuation 0.001
Finite verbs at start of sentence 0.001
R? -0.139
MSE 0.002
MAE 0.039
Readability P 0.057
Flesch-Douma 0.013
Brouwer Index 0.010
LiNT (score2) 0.005
LiNT (score1) 0.004
R? -0.034
MSE 0.002
MAE 0.036
p 0.161**
LLM Surpr. Qwen3-4B 0.007
mGPT 0.006
Qwen3-1.7B 0.006
Tweety-7b (Dutch v24a) 0.006
Fietje-2 0.005
EuroLLM-9B 0.004
R? -0.157
MSE 0.003
MAE 0.039
Metadata P 0.097*
Topic 0.007
Newspaper 0.006
Day of Week 0.006
R? 0.038
MSE 0.002
MAE 0.034
Length Base. p 0.354**
Number of tokens 0.026
Number of sentences 0.013

Table 6: Model evaluation metrics and feature im-
portances per dimension. Evaluation metrics (R?,
MSE, MAE, p) are listed first, followed by the top
SHAP features with their mean absolute SHAP val-
ues. A single star (*) indicates a p-value below
0.049, and a double star (**) indicates a p-value
below 0.001.
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Feature dimension P rbe
Profiling-UD <0.001 0.77
T-Scan <0.001 0.63
LLM Surprisal <0.001 0.49
Readability 0.421 0.04

Table 7: Results from a Wilcoxon signed-rank test
on the data that shows the magnitude of changes
in predicted reading time per token after simplifying.

non-simplified and simplified datasets are shown in
Figure 3 (Appendix C.2). Surprisingly, we observe
increased reading time predictions for the simpli-
fied versions when looking at the different feature
sets per dimension, except for the Readability di-
mension, which remains the same. If our reading
times accurately reflected difficulty and compre-
hension, this observation would suggest simplified
articles are actually harder to read, which should
be impossible. This leaves us with the question:
why does our feature-based model predict higher
reading times for simpler texts?

Are the Differences Significant? To investigate
this, we first want to establish that the increase in
predicted reading time is significant. We conducted
a Wilcoxon signed-rank test W (Wilcoxon, 1945)
on the data and compute the effect size using rank-
biserial correlation rbc. Table 7 shows the results
of the Wilcoxon signed-rank test and we observe
large effects for Profiling-UD and T-Scan, a medium
effect for LLM Surprisal, and a negligible effect for
Readability. This tells us that the increased reading
times are consistent across articles and that it is
highly unlikely it can be solely attributed to noise.

Are the Texts Simpler? Second, we want to es-
tablish that the LLM did in fact simplify the articles.
Tables 9 and 10 (Appendix C.3) show the feature
changes observed under simplification. They in-
deed reveal a consistent shift in the linguistic pro-
files of the texts, such as lexical choice, verbal mor-
phology, and sentence structure, which aligns with
established definitions of less linguistically complex
texts (Gibson, 1998; Martin et al., 2020; Harbusch
and Steinmetz, 2022; Ranjan et al., 2022; Sau-
berli et al., 2024; Seidl and Vandeghinste, 2024).
Across multiple linguistic levels, simplification con-
sistently made the articles shorter, more explicit,
and put in more canonical structures. Information is
conveyed with fewer subordinate clauses, adposi-
tions and adverbs, using more finite constructions.
The simplified texts use the canonical SVO sen-
tence structure increasingly, indicating lower syn-
tactic complexity. Therefore, we are confident that
the LLM simplifications reflect actual simplification
rather than summarisation or paraphrasing.

Is Our Predictor Accurate Enough? Perhaps
our predictive model is not accurate enough to cap-
ture the nuanced differences in writing styles be-
tween the original and simplified texts. Indeed, as
could be seen in Table 6, the predictive models
show low predictive power to accurately estimate
reading time. However, the models are applied to
both versions of each text. Even for a model with
limited predictive power, we would still expect to see
(small) directional changes, i.e. a decrease in pre-
dicted reading times and not a significant increase
in predicted reading times, as we see here.

What Features Influence Prediction? For the
Profiling-UD dimension, the increased reading time
prediction is predominantly driven by the number of
tokens. In the feature importance plot in Figure 2a
(Appendix C.2), we see that articles with fewer to-
kens generally have an increased predicted reading
time per token. Although seemingly counterintu-
itive at first, this is understandable from a real-world
perspective. In natural news reading, people often
do not read the whole article and start skimming
at some point, especially when articles are longer.
For T-Scan, it is less clear. The top features shift
slightly, but there does not seem to be a clear set
of features that drive the increased reading time
prediction. The LLM Surprisal dimension is harder
to interpret, but interestingly shows the greatest
shift in both top features and the difference in im-
portances. Qwen1.7B and EuroLLM are now the
new best features, while the Dutch models drop in
importance. The feature importances plot in Figure
2c (Appendix C.2) shows that only high surprisal
scores show a directional influence, where high sur-
prisal scores from bigger and more recent models
increase predicted reading time per token.

4. Discussion

In our study, we investigate whether known prox-
ies for readability and comprehension are good
indicators of reading time in data from online read-
ers. Surprisingly, we find that all well-established
proxies, if at all, only slightly correlate with reading
time under uncontrolled conditions. In this section,
we discuss possible causes, what this implies for
the findings in this field to date, and the questions
future research should answer.

Dataset Noise One explanation for our results
is that real-world datasets are noisy. People scroll
through articles, are distracted by incoming mes-
sages, use different screen sizes, or simply lose
interest in the story. However, we do not believe
this to be a main limiting factor in this study. We
filter our original dataset from close to 25,000 ar-
ticles to around 3,000 to account for any random
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noise introduced, by ensuring a minimal number
of views and reading time per token. It is nearly
impossible to remove all the noise in a real-world
dataset, but the noise left in the data on its own
cannot completely explain the results we find.

Topic and Newspaper Our dataset averages
across news articles from different newspapers and
on different topics. Potentially, these features sim-
ply overshadow the other features based more on
the profile of the articles. However, our data shows
no indication that this is the case. In both Table 5
and 6, the metadata predictors also score poorly.
To gain more insight into this, we trained a simple
linear regression model with unigrams, bigrams,
and trigrams to predict the reading time. We found
that at least simple topic indicators such as words
also do not explain our results. All in all, the topic
of an article does explain some part of the data,
but it cannot be the only explanation.

Similarity of the Articles Newspapers use
guidelines and rules on how articles should be writ-
ten. Perhaps that partially explains why there is
no clear relation between text difficulty and read-
ing time. However, newspapers publish more than
factual news, including opinion pieces, columns, in-
terviews, and long reads, all with inherently varying
levels of text complexity. And more importantly, we
actually do find a large spread in scores for all the
features tested in this paper, i.e., they are not all
clustered around a single value.

Automatic Processing Linguistic information is
derived automatically, using standard tools. These
tools are not perfect, of course, and might not cap-
ture all linguistic nuances needed to accurately as-
sess text complexity or readability. However, the
same tools are used in previous work on readability
metrics or difficulty assessment, so the gap must
lie in using reading time in natural settings.

Disturbed Reading Time Some factors in news
articles potentially disturb measured reading time.
For example, playing an in-article video is not de-
tected as activity, and screen size is not accounted
for, which can lead to capped reading times on large
screens. Nevertheless, such factors are rare in the
dataset. Links only occur in live blogs, designed
to redirect readers, and videos are infrequent and
rarely longer than one minute. As a result, the noise
introduced is expected to be minimal and should
also average out across the dataset.

Implications For us, this paper is mostly a cau-
tionary tale. Reading times of real-world data do
not correlate well with common proxies for com-
prehension and readability. Dataset noise or the
general interest of readers in a topic do not seem to
be limiting factors per se, but even if they were, we
have no reason to believe that our dataset would be
different from any other real-world dataset of news
articles. Additionally, in our experiments, reading
time does not reflect improved readability or com-
prehension after simplification. This means that
any research focused on investigating, for exam-
ple, text simplification in such real-world scenarios
should be careful with using clickstream reading
time as a proxy. That is not to say that reading
time is meaningless. In fact, we argue that this
finding opens up an avenue of new research direc-
tions: What actually drives reading time on real-
world data? And what keeps readers interested?
How can we automatically measure this? And what
would this mean for research on text simplification
and comprehension?

5. Conclusion

In this paper, we explored how well the findings of
readability and comprehension research hold for
data from reading in uncontrolled environments,
using a dataset of digital news articles with aggre-
gated reading times from thousands of readers.
Through a systematic assessment with correlation
analysis and prediction experiments, we assessed
the extent to which known proxies for readability
and comprehension are meaningful indicators of
the average reading time per token in online news
reading. We also conducted a small simplification
experiment, in which we automatically simplify the
articles, and analyse how this affected both reading
time prediction and the text profiles of the articles.

Our findings show no meaningful correlation be-
tween any proxy and the average reading time per
token, nor can any proxy be used effectively to ap-
proximate reading times in online news reading. In
addition, the simplification findings show that read-
ing time is not a trustworthy proxy for changes in the
linguistic profile of a simplified article compared to
its original version. These results strongly suggest
that clickstream reading time must be considered
with caution as a proxy for readability or compre-
hension. Also, they call for more research involving
human participants to discover which (linguistic)
factors do influence reading time.

From our experiments, we conclude that known
proxies for readability and comprehension should
be used with caution when relating them to reading
time in natural news fruition, and that reading time
is not a viable proxy for automatic simplification
evaluation in a naturalistic news reading context.
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A. Reading Time

A1l

The reading time counter starts after 3 seconds
when a reader opens a page to mitigate bouncer
influence. The system checks every 5 seconds if
a reader is active, and keeps counting when the
user shows activity (scrolling, mouse movement,
or keyboard hit). When a reader shows no activ-
ity (idle), the system counts an extra 60 seconds
max before pausing the counter. When a reader
leaves the article’s page, the counter pauses im-
mediately. The counter resumes when the reader
shows activity within 15 minutes, otherwise the ses-
sion closes. When the article’s page is closed, the
session closes immediately too.

For example, if a reader spends three minutes
reading, pauses for four minutes, and then reads
for two more minutes. The recorded reading time is
177 seconds of reading, 60 seconds of idling, and
120 seconds of additional reading, for a total of 357
seconds.

Calculation

A.2. Distribution

As shown in Figure 1, the average reading time per
token distribution is skewed with a right tail, with
50% of the data below 0.20. This is due to our data
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cleaning, where we ensure a minimum average
of 0.15 to reduce the influence of skimmed data.
Table 8 with descriptive statistics of reading time,
views, and document length additionally shows the
reading time statistics from the GECO corpus for
comparison with a reading time corpus from a con-
trolled setting.
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Figure 1: Average reading time per token distribu-
tions by histogram and boxplot.

Feature Mean Median SD Min Max
Avg. rt tok (GECO) 0.26 - 0.12 0.10 0.85
Avg. rt tok 0.20 0.19 0.05 0.15 0.53
Views 406 123 1094 25 14022
Nb. of tok 380 297 259 105 2967
Nb. of sen 24 18 19 3 237

Table 8: The descriptive statistics of the average
reading time per token, views, number of tokens,
and number of sentences. In addition, the reading
time per token descriptions from the eye-tracking
GECO corpus (Cop et al., 2017).

B. Direct Assessment

In the direct assessment, we explored GPT-40,
Llama-3.3-8b-instruct, and Fietje-2-chat to estimate
total reading time and text difficulty as a score be-
tween 0 and 1. In this section, we show the different
prompts we used to experiment with in zero-shot,
one-shot, and few-shot (three examples) settings.

B.1. Reading Time

We started with a generic prompt that explains the
task:

Your task is to predict the reading
time in seconds of a given text and
to provide an explanation of how you
arrived at the reading time in
seconds. Ignore the length of the
text.

Next, we added linguistic information to look at:

Your task is to predict the reading
time in seconds of a given text and
to provide an explanation of how you
arrived at the reading time in
seconds. Look at linguistic aspects
of the text, such as sentence
structure and difficult words.
Ignore the length of the text.

Finally, we tried role prompting to prime the model:

You are an expert linguist and
reading comprehension specialist.
Your task is to predict the reading
time in seconds of a given text and
to provide a clear explanation of
how you arrived at that reading time.
Base your prediction on linguistic
aspects of the text, such as
sentence structure, syntactic
complexity, and vocabulary
difficulty. Ignore the length of the
text when making your prediction.
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B.2. Text Difficulty

The prompts used for text difficulty estimation follow
the same format as the reading time prediction.

We started with the generic prompt:

Your task is to predict the
difficulty level of a given text.
Use a value between 0 and 1 and
provide an explanation of how you
arrived at that value. Ignore the
length of the text.

Then, we used the additional linguistic information:

Your task is to predict the
difficulty level of a given text.
Use a value between 0 and 1 and
provide an explanation of how you
arrived at that value. Look at
linguistic aspects of the text,
as sentence structure and difficult
words. Ignore the length of the
text.

such

Finally, we tried the role prompting format:

You are an expert linguist and
readability analyst. Your task is to
predict the difficulty level of a
given text. Use a value between 0
and 1 and provide a clear
explanation of how you arrived at
that value. Base your assessment on
linguistic aspects of the text, such
as sentence structure, syntactic
complexity, and vocabulary
difficulty. Ignore the length of the
text when making your evaluation.

C. Text Simplification

C.1.

In our simplification experiment, we use the follow-
ing prompt:

Prompt

I will provide you with a news
article that you must simplify to Bl
level. The goal is that people with
limited reading skills can
understand the news article.
only the simplified text.

Return

As is known from literature, the prompt conditions
text generation and substantially influences the sim-
plification results. We use a generic prompt that
prompts for CEFR level B1, while LLMs do not re-
ally understand what B1 level entails (Benedetto
et al., 2025). When experimenting, we found the

LLMs reduce the complexity when prompted for dif-
ferent CEFR levels. We used B1 level, specifically
because it is generally recommended as an acces-
sible reading level for people with limited reading
skills in Dutch. As the focus of the study was to
evaluate reading time change under simplification
and not simplification per se, we did not experi-
ment extensively with system prompts and prompt
engineering.

C.2. Reading Time Prediction

Firstly, this subsection shows feature importances
of the top 5 features for Profiling-UD, T-Scan, and
LLM Surprisal, as described in Section 3.3. Sec-
ondly, it shows overall reading time per token pre-
diction distributions of the original and simplified
texts for all dimensions, as described in Section
3.3.
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Figure 2: The feature importances for Profiling-UD,
T-Scan, and LLM surprisal after simplification.
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Figure 3: Overall prediction distributions of original (left) and simplified (right) texts for all dimensions plus
prediction differences and their frequency for the Readability dimension.

C.3. Text Profile Change

This subsection shows two elaborative tables of
the text profile change under simplification, which
is explained in Section 3.3.
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Feature

Mean relative change

% of texts

Dependency length verb - indirect object

Density of 1st person personal and poss. pronouns
Dependency length noun - head of sub clause
Infinitives per clause

Relative clauses per sentence

Clauses in clauses per sentence

Past participles per clause

Proportion of verbs on discussion, reasoning, or causality
Nb. of coordinate clauses

Density of infinitives

Density of present participles

Density of formal words

Nb. of sentences starting with a verb

Surprisal tweety-7b-dutch-v24a

Surprisal Qwen3-4B

Surprisal fietje-2

Surprisal mGPT

Density of 3rd person personal and poss. pronouns

-1.46
-1.13
-1.03
-0.94
-0.83
-0.79
-0.69
-0.69
-0.62
-0.61
-0.56
-0.53
-0.52

0.50

0.56

0.59

0.60

0.65

0.17
0.13
0.14
0.20
0.16
0.23
0.22
0.21
0.27
0.22
0.22
0.24
0.18
0.77
0.79
0.78
0.80
0.59

Table 9: Relative feature changes under simplification for T-Scan and surprisal-based features.

Feature

Mean relative change

% of texts

Nb. of prepositional chains

Nb. of tokens

Dist. of verbs form participle

Dist. of subordinate clauses

Dist. of subordinate clauses preceding main clause
Dependency dist. adverbial clause modifier
Avg. dist. of verbal heads
Dependency dist. nominal modifiers
LiNT score2

Dist. of upos adposition

LiNT score1

Dependency dist. adjectival modifier
Dist. of verbs form infinitive

Avg. token per clause

Dist. of upos verb

Dependency dist. objects
Dependency dist. copulae

Dist. of main clauses

Dist. of verbs form finite

Dist. of verbs with 3 arguments

Dist. of upos numeral

Dependency dist. nominal subjects
Dist. of objects following the verb
Dist. of verbs with 2 arguments

-0.45
-0.37
-0.37
-0.30
-0.27
-0.22
-0.20
-0.18
-0.15
-0.15
-0.14
-0.14
-0.12
-0.10
0.10
0.11
0.17
0.20
0.21
0.22
0.23
0.27
0.29
0.45

0.22
0.29
0.25
0.19
0.32
0.38
0.21
0.35
0.29
0.25
0.31
0.37
0.40
0.30
0.67
0.58
0.58
0.80
0.75
0.68
0.59
0.81
0.67
0.74

Table 10: Relative feature changes under simplification for Profiling-UD and LiNT features.
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