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Abstract
Comprehensible scientific writing is the basis for interdisciplinary work and
science literacy. Common metrics for measuring text comprehensibility are
based on word length, frequency, and predictability. Since scientific writing
often contains long, rare, and low predictability words, such linguistic metrics
negatively assess them without sufficiently taking the context into account.
Here, we introduce an attention-based metric derived from transformer mod-
els to capture how much a word facilitates the processing of others. We find
that such facilitation complements traditional linguistic metrics by explain-
ing late reading times and neural correlates of text understanding, capturing
unique variance for words that the existing linguistic metrics rate as difficult.
These results hold promise for the development of an interpretable compre-
hensibility metric, usable for scientific writing, and potentially adaptable to
individual comprehension based on vocabulary knowledge.
Keywords: text understanding, computational linguistics, transformer
attention

1 Introduction
Improving the comprehensibility of scientific writing is increasingly vital. To-
day’s scientific challenges demand interdisciplinary collaboration and closer in-
teraction between science and society. Yet, despite the growth of open and
accessible science [Klebel et al., 2025] levels of scientific literacy are declining
[OECD, 2023]. Addressing this gap requires writing that communicates complex
ideas in ways that remain accessible across disciplines and to broader audiences.
A key step toward this goal is the ability to quantify and predict text compre-
hension, providing objective measures that can guide efforts to make scientific
writing more accessible.

Traditional approaches to measuring comprehensibility have clear limita-
tions for scientific texts. Readability formulas, which rely on word length and
frequency [Flesch, 1948, Dale and Chall, 1948], often misclassify texts as diffi-
cult simply because they contain long or rare words. However, long and rare
words are common in scientific contexts, even when the text is understandable.
Predictability metrics, based on how likely humans or language models (LLMs)
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are to anticipate a word [de Varda et al., 2024, Goodkind and Bicknell, 2018],
also fall short: in scientific writing, a word may be hard to predict without
domain expertise but still easy to comprehend once it was explained.

In this work, we derive a novel method for predicting text comprehension
for scientific texts based on the attention mechanism. Attention weights quan-
tify how strongly each word contributes to processing other words in context
[Vaswani et al., 2017]. While primarily used to predict the next word, atten-
tion captures richer structural information than word probabilities alone [Clark
et al., 2019]. Although the interpretability of attention weights remains debated
[Jain and Wallace, 2019, Wiegreffe and Pinter, 2019], they offer a promising sig-
nal for estimating how much a word facilitates the processing of surrounding
words. Here, we evaluate attention-based word facilitation as a metric of text
comprehension. By testing its ability to explain variance in behavioral and neu-
ral correlates of text understanding beyond traditional metrics, we find that it
provides additional information, opening a new AI-driven lens through which
to study text comprehension.

2 Methods
We quantify word facilitation as the total amount of attention it allocates to
other words in a transformer model, with L layers and H attention heads per
layer. For a word at position i in a sentence of N words (denoted wi), i indexes
the target word, while j indexes all other words in the sentence. The score thus
reflects how much attention the target word wi allocates to each context word
wj . Its facilitation score is

Facilitation(wi) = zs

 N∑
j=1

Dij

L∑
ℓ=1

H∑
h=1

αℓh Â
(ℓ,h)
ij

 ,

where zs(x) =
x−µs

σs
is the sentence-level z-score with µs, σs computed across

words in the same sentence; Dij encodes directional weights and excludes self-
attention; Â(ℓ,h) is token-level attention aggregated to words (row-normalized);
and αℓh are entropy-based weights defined as

αℓh =
(H̄ℓ + ε)−γ∑
r(H̄r + ε)−γ

· (H̄ℓh + ε)−γ∑
k(H̄ℓk + ε)−γ

.

We apply such inverse-entropy weighting via αℓh to give more weight to
attention heads with focused (low-entropy) distributions, thus reducing the in-
fluence of diffuse attention patterns. Critically, this weighting is directional,
emphasizing facilitation flowing from earlier to later words, reflecting the natu-
ral progression of reading:

Dij =


wr, j > i (right/future)
wℓ, j < i (left/past)
0, j = i (self)

with wr ≥ wℓ ≥ 0.



Punctuation and self-attention contributions are excluded. For words split
into multiple subword tokens, attention values are averaged across tokens to
ensure comparability. Finally, scores are normalized within each sentence to
control for sentence-level variability.

We compared the explanatory power of the facilitation metric (parameterized
with γ = 1.5, wr = 1.0, wℓ = 0.5) against that of traditional linguistic metrics,
such as length, frequency (SUBTLEX-US corpus [Brysbaert et al., 2012]), sur-
prisal (negative log probability derived from GPT2), and predictability (human
rating on a 1–5 scale) using the data set from [de Varda et al., 2024]. The
data set contains behavioral measures of text comprehension (including eye-
tracking measures) for 205 English sentences, as well as neural correlates of text
comprehension recorded for each word. Because later stages of reading and cor-
responding neural signals are thought to reflect the integration of a word into its
broader sentence context [Radach and Kennedy, 2013, Kutas and Federmeier,
2011, Thornhill and Van Petten, 2012, Aurnhammer et al., 2021], we focused
our comparisons on the following dependent measures of late reading time and
neural activity:

• Go-past reading time: total fixation time on a word, including regres-
sions (i.e., time from first entering a word until moving past it, including
rereading; reflects effort to integrate the word into the sentence) [Radach
and Kennedy, 2013].

• N400 amplitude: a centro-parietal negativity occuring around 400 ms
after word onset, increases when a word is unexpected or hard to fit se-
mantically with prior context [Kutas and Federmeier, 2011].

• EPNP: an early frontal positivity after the N400 (500 ms), reflecting
violations of specific lexical expectations about which word would occur
[Thornhill and Van Petten, 2012].

• P600 amplitude: a late positivity (600 ms) after word onset, associated
with syntactic reanalysis and integrating a word into sentence structure
[Aurnhammer et al., 2021].

• PNP: a later positivity (600–900 ms) after word onset, occurs when an
unexpected but plausible word forces re-evaluation of the sentence mean-
ing [Thornhill and Van Petten, 2012].

As traditional linguistic metrics negatively assess scientific writing with long,
less frequent, and less predictable words without taking the context into account
sufficiently, we examined whether the facilitation metric captures additional
variance of dependent measures. To address this, we computed the incremental
R² (∆R2) of a metric after controlling for the others. Critically, we performed
this analysis for different words, grouping them based on their length, frequency,
surprisal, or predictability into quantiles. This results in unique variance ex-
plained for each metric, as a function of these word features.



3 Results
Figure 1 depicts that the facilitation metric explains unique variance for long,
less frequent, and less predictable words. Facilitation even explained the most
unique variance for first fixation reading times (RTfirstfix) in bins with the
longest words. A measure that reflects initial lexical access [Demberg and Keller,
2008] and is normally dominated by length and frequency.
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Figure 1: The unique variance (∆R2) explained by a predictor for different de-
pendent measures of text comprehensibility (first fixation duration (RTfirstfix),
go-past reading time (RTgopast), N400 and P600 amplitude). Unique variance
is shown across word property quantiles.

4 Conclusions
We introduced an attention-based predictor of text comprehension, capturing
how strongly each word contributes to processing other words in context within
a transformer model. Facilitation complements the traditional linguistic met-
rics used to predict text comprehensibility by explaining late reading times
and neural measures reflecting integrative processes. Facilitation especially ex-
plained unique variance for words that the existing linguistic metrics rate as
difficult, suggesting that it may be well suited predicting comprehensibility of
scientific texts. Taken together, these findings highlight word facilitation as a
promising and interpretable metric that not only advances the measurement of
scientific text comprehensibility but also may offer a pathway for tailoring texts
to readers’ vocabulary by limiting reliance on words beyond their knowledge.



5 Limitations
Our initial analyses rely on a psycholinguistic dataset of short English sentences.
While this setup enables precise mapping between model-derived metrics and
behavioral or neural correlates, it limits the ecological validity of our findings.
Future work should extend the approach to longer and more complex scientific
and medical texts to test its robustness in naturalistic contexts.

Other limitations pertain to the robustness of the introduced metric. The
current implementation relies on a single transformer architecture and static
attention representations. Because attention patterns can differ substantially
across layers, model architectures, and training objectives, cross-model valida-
tion will be essential to establish whether facilitation reflects a general property
of contextual processing or merely a model-specific artifact. Moreover, the intro-
duced metric treats comprehensibility as uniform across readers, neglecting indi-
vidual differences. In practice, comprehension depends on prior knowledge and
linguistic expertise. Incorporating personalized comprehension profiles would
allow the metric to better capture real-world variability and predict individual
text adaptation.

Finally, the investigated relationship between the attention-based metric
and comprehension remains correlational. Although this metric reveals links
between the attention mechanism and traditional measures of human text com-
prehension, its explanatory power remains to be studied.

6 Outlook
This study represents an initial step toward linking the attention mechanism
implemented in transformers to psycholinguistic measures of human text com-
prehension. In future work, we seek to extend these findings in two directions:
(1) by translating the facilitation metric into applied tools for scientific and
health communication, and (2) by strengthening its theoretical foundation as
an interpretable measure of comprehension in both humans and LLMs.

On the applied side, integrating the metric into writing and reading support
systems could facilitate understanding of (and compliance with) complex infor-
mation. For example, scientific writing assistants might highlight terms that
impede comprehension, while adaptive health information systems could au-
tomatically tailor explanations to readers’ vocabulary and domain knowledge.
Such applications move beyond the broad goal of increasing science literacy
toward concrete, user-centered interventions.
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