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Abstract
Understanding whether transformer-based language models exhibit processing patterns that correspond to human
cognition remains a central question in cognitively motivated computational linguistics. This study examines the
statistical correspondence between model interpretability measures and human cognitive signals in a sentence-level
relation classification task. We analyze attention weights and attribution scores (Integrated Gradients, Leave-One-Out,
and LIME) from six fine-tuned transformer models and compare them to gaze duration derived from the ZuCo
2.0 corpus and human-annotated word importance. Results show that early-layer attention exhibits stable,
moderate correlations with gaze duration that are largely unaffected by fine-tuning. Attribution methods, by contrast,
demonstrate stronger correlations with human word-importance judgments, particularly for correctly predicted
instances, though higher predictive accuracy does not consistently imply stronger human alignment. These findings
suggest that interpretability measures capture distinct aspects of model computation, only some of which overlap
with human cognitive signals. Systematic, multi-level evaluation against human benchmarks is therefore essential
for assessing cognitive plausibility and for developing more transparent, trustworthy, and human-aligned NLP systems.
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1. Introduction tion reliably explains model decisions remains de-
bated. Some studies demonstrate correlations be-
Transformer-based language models have substan-  tween transformer attention distributions and hu-
tially advanced natural language processing (NLP)  man eye-tracking signals, suggesting partial cor-
and demonstrated strong performance across mul-  respondence (Bensemann et al., 2022; Sen et al.,
tiple downstream tasks, including machine transla- ~ 2020), whereas others argue that attention weights
tion (Wang et al., 2022), automatic essay scoring  may not faithfully represent causal feature impor-
(Shin and Gierl, 2024), and question answering  tance (Jain and Wallace, 2019; Serrano and Smith,
(Nassiri and Akhloufi, 2022). Despite these suc- 2019).
cesses, open questions remain regarding whether Beyond attention, attribution-based interpretabil-
the internal computations of these models corre- ity methods aim to provide more direct explana-
spond to patterns observed in human language tions of model predictions (Schwalbe and Finzel,
processing (Gu et al., 2025; Schrimpf et al., 2021).  2023). Techniques such as Integrated Gradients
Within cognitive science and computational linguis-  (IG, Sundararajan et al., 2017), Leave-One-Out
tics, this issue extends beyond performance opti-  (LOO, Li et al., 2016) feature perturbation, and
mization and relates directly to whether artificial  Local Interpretable Model-Agnostic Explanations
systems can serve as empirically informative mod-  (LIME, Ribeiro et al., 2016) attempt to quantify the
els of behavioral patterns observed in human lan-  contribution of individual tokens to model outputs.
guage processing (Goldstein et al., 2025). Recent ~ While these approaches have been widely applied
interdisciplinary work has therefore shifted toward  for model transparency, limited research has ex-
evaluating not only model accuracy but also the  amined whether attribution scores correspond to
extent to which model behaviour corresponds to  human judgments about linguistic relevance or rea-
human attentional and reasoning patterns (Eberle  soning importance within controlled comprehen-
et al., 2022; Gao et al., 2025). sion tasks. This gap limits the extent to which inter-
Interpretability methods have become a primary  pretability findings can be connected to cognitive
tool for investigating model decision processes (Mi  modeling objectives.
et al., 2020). Among these, attention weights in Human cognitive signals provide a valuable exter-
transformer architectures are often interpreted as  nal benchmark for evaluating model explanations.
indicators of token importance. Because atten-  Eye-tracking research has demonstrated that fix-
tion distributes representational focus across in-  ation duration and gaze patterns reflect attention
put tokens, it has been proposed as a potential  allocation and lexical processing during reading
computational correlate of token salience that may  (Degno and Liversedge, 2020). Similarly, human
relate to human perceptual attention during read-  annotation of word importance can approximate
ing (Zou et al., 2023). However, whether atten-  reasoning-level judgments about semantic rele-
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vance (Lottridge et al., 2023). Integrating these
signals enables a multimodal evaluation of whether
model interpretability methods capture behavioral
patterns associated with perceptual and decision-
related processing.

This study investigates statistical correspon-
dence between transformer model interpretability
measures and human cognitive signals in a sen-
tence relation classification task. Using six fine-
tuned transformer models and the ZuCo 2.0 corpus
(Hollenstein et al., 2023), we systematically com-
pare attention weights and attribution-based expla-
nation scores against human gaze duration and an-
notated word importance. We examine alignment
across model layers, interpretability methods, and
prediction correctness to determine when model
explanations approximate human attentional and
decision-related signals and when they diverge.

This work makes three primary contributions.
First, it provides a comprehensive comparison be-
tween attention-based and attribution-based in-
terpretability methods using both perceptual and
reasoning-oriented human benchmarks. Second,
it investigates how fine-tuning and model perfor-
mance influence measured correlation strength
with human cognitive signals. Third, it provides
a multimodal evaluation framework combining eye-
tracking, human annotation, and interpretability
analysis to assess whether transformer explana-
tions reflect human-like language processing. By
identifying the conditions under which alignment
emerges, this study provides empirical constraints
on how transformer processing patterns relate to
human cognition and informs the development of
more transparent and cognitively grounded NLP
systems.

2. Related Work
2.1. Neural Language Models as
Cognitive Processing Systems

Neural network models have long served as com-
putational approximations of human language pro-
cessing via distributed representations learned
from data (Mikolov et al., 2013; Rumelhart et al.,
1986). Transformer-based language models ex-
tend this paradigm through self-attention mecha-
nisms that enable global contextual integration and
the formation of progressively abstract representa-
tions across layers (Vaswani et al., 2017). Emerg-
ing evidence suggests that transformer representa-
tions exhibit structural properties that parallel func-
tional characteristics associated with multi-stage
human language processing (Caucheteux et al.,
2021). Empirical studies show that earlier layers
tend to encode lexical and syntactic information,
whereas deeper layers capture abstract seman-
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tic and task-level representations (Jawahar et al.,
2019; Tenney et al., 2019). These findings are
consistent with cognitive theories proposing hier-
archical processing during reading, in which early
perceptual and lexical decoding stages precede
semantic interpretation and higher-level compre-
hension processes (Dien, 2009; Hauk et al., 2006).
However, predictive success alone does not guar-
antee cognitive plausibility. As aresult, interpretabil-
ity methods have been used to examine whether
internal model computations reflect human-like in-
formation processing.

2.2. Interpretability Metrics in
Transformer Models
2.2.1. Attention Weights

In transformer architectures, attention weights reg-
ulate how information flows between tokens by
determining the relative influence of each token
when contextualizing others (Vaswani et al., 2017).
Through this mechanism, the model learns to dis-
tribute focus across the input sequence, enabling
it to capture syntactic and semantic dependen-
cies during representation construction (Kobayashi
etal., 2020). Because attention explicitly distributes
representational focus, it has frequently been in-
terpreted as an indicator of token importance and
model reasoning. However, the explanatory validity
of attention remains contested. Jain and Wallace
(2019) demonstrated that alternative attention distri-
butions can frequently produce identical model pre-
dictions, suggesting that attention may not uniquely
determine decision outcomes. Similarly, Serrano
and Smith (2019) showed that zeroing out high-
attention inputs does not substantially change the
model’s output, and attention-based rankings often
fail to identify the most decision-critical inputs rel-
ative to gradient-based rankings. These findings
indicate that attention may primarily reflect internal
representational routing rather than direct causal
contribution to predictions. This limitation motivates
investigating complementary interpretability meth-
ods that more directly capture decision-level influ-
ence.

2.2.2. Attribution Scores

Attribution scores quantify each input feature’s con-
tribution to the model’s output by assigning an im-
portance value relative to a baseline (Hao et al.,
2021). Unlike attention, which reflects contextual
encoding processes, attribution methods are in-
tended to capture how much each token influences
the final prediction, providing insight into model
decision processes. In this study, we computed at-
tribution scores in transformer models using three
complementary methods. Integrated Gradients (IG)



estimates feature importance by integrating gra-
dients along a continuous path from a baseline
input (e.g., zero embedding) to the observed in-
put, producing attributions that reflect the accumu-
lated sensitivity of the model output to each token
(Sundararajan et al., 2017). Leave-One-Out (LOO)
representation erasure measures importance by re-
moving or masking individual tokens and evaluating
the resulting change in model predictions, providing
a perturbation-based estimate of each token’s con-
tribution (Li et al., 2016). LIME approximates local
model decision boundaries by fitting interpretable
surrogate models to perturbed versions of the in-
put, where samples closer to the original input are
weighted more heavily, yielding locally faithful ap-
proximations of token importance (Ribeiro et al.,
2016).

Together, these attribution techniques provide
complementary perspectives on features that influ-
ence model predictions, capturing gradient sensitiv-
ity, perturbation-based effects, and local decision
approximations. Despite their widespread applica-
tion in explainable Al (Azad et al., 2025; Gaspar
et al., 2024), relatively few studies have examined
whether attribution scores correlate with human
judgments during language comprehension. Un-
derstanding this relationship helps clarify whether
attribution-based explanations reflect cognitively
meaningful decision processes.

2.3. Evaluating Transformer Attention via
Human Gaze Correlations

Eye-tracking research provides fine-grained mea-
surements of attentional allocation during reading,
with gaze duration, fixation frequency, and total
reading time serving as established indicators of
lexical processing difficulty and perceptual attention
(Rayner, 2009, 1998; Staub et al., 2010). These
gaze signals have therefore been adopted as ex-
ternal benchmarks for evaluating whether neural
language models exhibit human-like attention pat-
terns.

Multiple studies have reported moderate to
strong correlations between transformer attention
distributions and human gaze signals. Bensemann
et al. (2022) found that early-layer attention weights
in pretrained BERT models moderately align with
human dwell time patterns, although they cautioned
that better alignment does not necessarily improve
model performance. Similarly, Wang et al. (2024)
reported moderate to strong positive correlations
(0.39 — 0.78) between five different human gaze
signals (e.g. gaze duration and the number of fix-
ations) and the BERT model’s attention patterns
across different layers.

Cross-linguistic studies provide further support
for the attention-gaze alignment. Morger et al.
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(2022) found correlations exceeding 0.5 across
German, Dutch, English, and Russian reading
tasks when comparing total reading time with at-
tention patterns and the gradient-based saliency.
Kozlova et al. (2024) observed positive early-layer
correlations (0.45 — 0.77) between attention pat-
terns and gaze signals in Russian texts but found
that task-specific fine-tuning did not significantly
improve alignment. Consistent with these find-
ings, Eberle et al. (2022) reported minimal changes
in attention-gaze alignment following BERT fine-
tuning. Together, these studies indicate that, in sev-
eral reading-related settings, attention distributions
from pretrained transformer models have shown
statistically significant correlations with selected
human gaze measures.

2.4. Integrating Human Gaze Signals into

Transformer Training

Recent research has sought to actively integrate
predicted or measured gaze signals into trans-
former architectures. Dong et al. (2022) introduced
the GazBy, a joint model that integrates human
gaze fixation estimation with BERT and showed
improved performance in passage re-ranking tasks.
Sood et al. (2020) proposed a hybrid text saliency
model that mimics the human gaze patterns and
demonstrated improved performance in paragraph
generation and sentence compression when inte-
grated into transformer attention layers. Wang et al.
(2024) demonstrated that incorporating predicted
gaze signals into BERT-based models can improve
performance across sentiment analysis and seman-
tic similarity tasks, while Zhang and Hollenstein
(2024) reported improved question-answering per-
formance using eye-tracking attention masks.

Parallel findings in vision tasks further highlight
the potential of integrating human cognitive sig-
nals during training. Sharan et al. (2019) demon-
strated improved visual question-answering per-
formance by training models to attend to human-
identified salient image regions, while Rong et al.
(2021) showed similar improvements in visual clas-
sification using gaze-based saliency maps. In soft-
ware engineering, EyeTrans incorporated human
attention into transformer-based code summariza-
tion, yielding improved code summarization perfor-
mance (Zhang et al., 2024).

However, integrating human gaze signals re-
mains methodologically challenging. Kozlova et al.
(2024) found inconsistent performance improve-
ments when incorporating gaze signals as training
objectives, while Dong et al. (2022) demonstrated
that performance gains depend strongly on where
gaze information is integrated within model archi-
tectures. These findings highlight the complexity
of effective human-data integration and emphasize



that alignment with human cognition is beneficial
only when operationalized with consideration for
model architecture and task objectives.

3. Methods

3.1.

This study utilized the ZuCo2.0 Corpus (Hollen-
stein et al., 2023), which provides synchronized
eye-tracking and EEG data from 16 native English-
speaking adults during sentence reading. The
corpus includes both a normal reading and a
task-specific relation identification paradigm. The
present study focused exclusively on the task-
specific paradigm, in which participants actively
identify semantic relations between entities within
sentences. Sentences in the task paradigm were
collected from Wikipedia and annotated with rela-
tion categories such as “Political Affiliation”, “Em-
ployment”, and “Education”. Sentences that did
not express a target relation were labelled as “Con-
trol” and served as a reduced relational-demand
baseline condition.

Two complementary human-derived measures
were used as evaluation benchmarks. First, atten-
tional allocation during reading was operationalized
using word-level gaze duration, defined as the to-
tal fixation time on each word aggregated across
fixations and averaged across participants. Gaze
duration is a well-established indicator of lexical pro-
cessing difficulty and reading-time allocation (Car-
penter and Just, 2017; Strandberg et al., 2023).

Second, decision-relevant salience was mea-
sured through human annotation of word impor-
tance for relation classification. Two annotators
independently ranked the top 20% of words they
judged to be most critical for identifying each sen-
tence relation, following interpretability thresholding
practices established in prior attribution research
(Ju et al., 2022). Rankings were converted into
graded importance weights based on selection or-
der, with unselected words assigned zero weight.
Inter-rater agreement was measured using Spear-
man’s rank correlation, as annotators produced
ordinal word-importance rankings. Agreement was
0.77 across all sentences and 0.84 when Con-
trol sentences were excluded, indicating substan-
tial consistency in relational word-importance judg-
ments.

Data Collection

3.2. Transformer Models and Fine-Tuning

Six pretrained transformer models were evaluated
to examine whether human-model alignment is con-
sistent across architectural and representational dif-
ferences. The selected models were grouped into
three categories. Base models included BERT and
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RoBERTa (Devlin et al., 2019; Liu et al., 2019), rep-
resenting standard transformer architectures. Com-
pact models included ALBERT and DistilBERT (Lan
etal., 2020; Sanh et al., 2019), which reduce param-
eters via weight sharing or compression. Alterna-
tive models included DeBERTa variants (He et al.,
2021) with disentangled attention for improved re-
lational encoding.

To fine-tune transformer models for sentence
relations prediction, we collected a training set of
3,353 English sentences from Wikipedia, match-
ing the source of the ZuCo 2.0 task-specific sen-
tences in category distribution, sentence length,
and lexical complexity (measured by Flesch Read-
ing Ease). The dataset was split into 80% for model
training and 20% for validation. Fine-tuning was
conducted for one and three epochs, which were
treated as controlled manipulations of task adapta-
tion strength and performance optimization. Train-
ing used AdamW optimization, a learning rate of
2e-5, batch size 16, and 10% warmup steps. Model
performance was evaluated using F1 score and ac-
curacy.

3.3. Model Interpretability Measures

Model-derived interpretability measures were ex-
tracted to parallel the two human cognitive bench-
marks. Attention weights were obtained from both
the first and last transformer layers to capture early
and late contextual integration. Within each layer,
attention weights were averaged across attention
heads and aggregated column-wise to estimate the
total incoming attention weight assigned to each
token. Sub-word attention values were summed
to produce word-level attention scores compatible
with gaze measurements. Token-level attribution
scores were estimated using I1G, LOO, and LIME.
For IG and LOO, sub-token scores were aggre-
gated to the word level through summation, while
LIME produced word-level scores directly. Attribu-
tion scores were ranked within each sentence, and
the top 20% of words were retained to match the
human annotation protocol, enabling direct compar-
ison between model-derived and human salience
patterns.

3.4. Analysis Plan

The analyses followed the unified evaluation
pipeline illustrated in Figure 1, which summarizes
data preparation, model training, and comparison
procedures across experiments. Experiment 1 eval-
uates the alignment between transformer atten-
tion weights and human gaze duration, assessing
whether the distribution of attention across tokens
corresponds to human gaze patterns during rela-
tional reasoning. Correlation magnitudes are com-
pared across model architectures and fine-tuning
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Figure 1: Conceptual overview of the analysis pipeline for evaluating human—-model alignment in sentence-
level relation classification. Darker shades indicate higher values (attention weight or attribution score).
Blue shading corresponds to attribution scores, and green shading corresponds to attention weights.

stages to examine how differences in task perfor-
mance relate to differences in human-model align-
ment.

Experiment 2 examines alignment between attri-
bution scores and human-annotated word impor-
tance, evaluating whether words deemed influential
by the model coincide with those selected by hu-
man annotators as critical for identifying relational
meaning. The analysis further compares correla-
tion strength across attribution methods and model
correctness (correct vs. incorrect predictions) to de-
termine whether stronger alignment is associated
with higher prediction accuracy.

4. Results

4.1. Attention-Gaze Alignment

Table 1 summarizes average sentence-level corre-
lations between transformer attention weights and
human gaze duration across architectures, layers,
and training epochs. The strongest attention-gaze
alignment emerged in the first transformer layer,
particularly for BERT and DistilBERT. BERT exhib-
ited the highest correlation (0.657 across epochs),
followed closely by DistiiBERT (= 0.61). DeBERTa
models showed weaker but consistently positive
first-layer correlations (=~ 0.28 — 0.34), whereas
RoBERTa demonstrated negligible alignment in
both layers. ALBERT diverged from this pattern,
showing higher correlations in the last layer than
the first (last layer = 0.298 and 0.248 vs. first layer
= —0.044 and 0.032), despite its parameter-sharing
architecture.

Figure 2 illustrates the distribution of these cor-
relations. First-layer distributions for BERT and
DistilBERT are clearly right-shifted, with medians
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Model Epoch F1 Corr. (Layer)
First Last

ALBERT-base 1 0.73 -0.044 0.298
ALBERT-base 3 0.76 0.032 0.248
DistilBERT 1 0.76 0.608 0.068
DistilBERT 3 0.80 0.613 0.020
BERT-base 1 0.71 0.657 0.167
BERT-base 3 0.78 0.657 0.106
RoBERTa-base 1 0.75 0.018 0.054
RoBERTa-base 3 0.77 0.017 0.005
DeBERTa-base 1 0.74 0.283 0.183
DeBERTa-base 3 0.77 0.287 -0.011
DeBERTa-large 1 0.69 0.337 0.174
DeBERTa-large 3 0.77 0.328 0.157

Note. Strongest correlations per model are in bold.

Table 1: Average sentence-level correlations be-
tween human gaze duration and transformer atten-
tion weights by model, layer, and fine-tuning epoch

near the reported means and relatively tight dis-
persion, indicating relatively stable moderate align-
ment across many sentences. DeBERTa variants
show weaker but still positive first-layer alignment,
while RoBERTa’s distributions cluster around zero
in both layers, reflecting uniformly low correlations
with human gaze duration. Last-layer distribu-
tions generally shift toward lower values or include
broader negative tails, with ALBERT as the notable
exception whose last-layer distribution centers in
the positive range.

To understand whether better model perfor-
mance in F1 translates into improvement in
attention-gaze alignment from first layer, we tested
the sentence-level paired differences in correla-
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Figure 2: Distribution of sentence-level correlations between human gaze duration and transformer
attention weights by model, layer, and fine-tuning epoch.

tion between epoch 1 and epoch 3 using Wilcoxon
signed-rank tests. Results show no significant im-
provement in correlation between attention weights
and human gaze duration after fine-tuning for any
model except ALBERT (Z = 11.95,p < .001,r =
0.66). For all other models, the Wilcoxon signed-
rank test did not support the hypothesis that fine-
tuning improves alignment. Despite small in-
creases in mean correlation for some models (e.g.,
DistilBERT: 0.608 to 0.613), the signed-rank distribu-
tion indicated that most sentences experienced re-
duced alignment (Z = —3.83,p < .001,r = —0.21).
These findings suggest that attention-gaze align-
ment is more strongly associated with model archi-
tecture and pretraining conditions than with task-
specific fine-tuning.

4.2. Attribution-Word Importance
Alignment

Table 2 summarizes average correlations between
human-annotated word importance and model attri-
butions across methods (IG, LOO, LIME) and train-
ing epochs. IG consistently yields the strongest
alignment, with RoBERTa achieving the highest
overall mean correlation (0.374), followed by BERT
(0.352) and DistilBERT (0.333). LOO generally per-
forms mid-range and is the top method only for
ALBERT, where it slightly exceeds IG (0.283 vs.
0.255 at epoch 3). LIME produced the weakest
alignment overall, with correlations near zero for
several models.

Table 3 reports correlations between human-
annotated word importance and model attributions
for sentences the models classified correctly versus
incorrectly. The results showed a consistent pat-
tern where the attribution scores from IG and LOO
demonstrated higher correlations with human word
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Model Epoch Attribution Scores

IG LOO LIME
ALBERT-base 1 0.244 0.282 0.150
ALBERT-base 3 0.255 0.283 0.117
DistiBERT 1 0.333 0.270 0.133
DistiiBERT 3 0.332 0.277 0.135
BERT-base 1 0.304 0.251 0.094
BERT-base 3 0.352 0.272 0.124
RoBERTa-base 1 0.345 0.237 0.176
RoBERTa-base 3 0.374 0.253 0.176
DeBERTa-base 1 0.159 0.227 0.104
DeBERTa-base 3 0.229 0.222 0.069
DeBERTa-large 1 0.333 0.181 0.111
DeBERTa-large 3 0.308 0.247 0.142

Note. Strongest correlations per model are in bold.

Table 2: Average sentence-level correlations be-
tween human word-importance judgments and
model attribution scores across attribution meth-
ods, models, and fine-tuning epochs

importance in correctly predicted sentences com-
pared to incorrectly predicted ones. For example,
BERT showed an IG correlation of 0.194 for incor-
rect predictions versus 0.400 for correct predictions
at epoch 3. And ALBERT exhibited a notable LOO
correlation increase from 0.137 to 0.336 at epoch
1. LIME exhibited smaller and more inconsistent
differences across prediction outcomes. Group dif-
ferences were evaluated using Mann-Whitney U
tests, which confirmed significantly higher attribu-
tion—importance alignment for correct predictions
across models and epochs for both 1G and LOO
(p < .001). No consistent significant differences
were observed for LIME. These results indicate that
when models make correct decisions, their attribu-



Model Epoch Attribution Scores
IG LOO LIME
IC Cc IC Cc IC Cc
ALBERT-base 1 0.139 0.283 0.137 0.336 0.104 0.166
ALBERT-base 3 0.192 0.274 0.149 0.323 0.156 0.105
DistilBERT 1 0.167 0.382 0.157 0.303 0.133 0.135
DistiiBERT 3 0.177 0372 0.180 0.302 0.136 0.135
BERT-base 1 0.159 0.361 0.128 0.300 0.064 0.105
BERT-base 3 0.194 0.400 0.184 0.297 0.110 0.179
RoBERTa-base 1 0.170 0.406 0.123 0.276 0.194 0.169
RoBERTa-base 3 0.207 0.426 0.170 0.280 0.211 0.165
DeBERTa-base 1 0.019 0.208 0.104 0.270 0.082 0.111
DeBERTa-base 3 0.088 0.271 0.128 0.249 0.051 0.075
DeBERTa-large 1 0.215 0.389 0.078 0.230 0.101 0.116
DeBERTa-large 3 0.206 0.339 0.182 0.267 0.183 0.130

Note. Strongest correlations per condition are in bold.

Table 3: Average sentence-level correlations between human word-importance judgments and model
attribution scores, separated by incorrect (IC) and correct (C) predictions

tion scores (particularly IG and LOO) more closely
reflect human judgments of word importance, while
LIME provides comparatively limited alignment.

5. Discussion

Evaluating whether neural language models ap-
proximate human cognitive processes during read-
ing remains a challenge for cognitively grounded
natural language processing (Kozlova et al., 2024).
The present study contributes to this objective by
systematically comparing transformer interpretabil-
ity measures (i.e. attention weights, attribution
scores) and two complementary human cognitive
indicators (i.e., gaze duration, human-annotated
word importance) during sentence-level relation
classification. Across models, early-layer attention
weights showed moderate and consistent align-
ment with gaze duration, whereas later-layer at-
tention exhibited reduced alignment as the models
progressed toward making final predictions. On
the other hand, attributions scores, particularly In-
tegrated Gradients (IG) and Leave-One-Out (LOO),
showed more consistent and higher alignment with
human-annotated word importance, especially for
correctly predicted sentences. However, alignment
patterns varied across model architectures and at-
tribution methods, and perturbation-based LIME
explanations showed comparatively unstable align-
ment.

These findings refine previous studies that early-
layer attention aligns with human gaze behavior
(Bensemann et al., 2022; Eberle et al., 2022; Sen
et al., 2020; Brandl and Hollenstein, 2022) by show-
ing that such alignment is stable and largely unaf-
fected by fine-tuning, supporting the interpretation
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that early attention captures general perceptual or
lexical features formed during pre-training (Kozlova
et al., 2024). From a cognitive modeling perspec-
tive, this pattern supports the view that attention
often reflects positional and distributional promi-
nence, which aligns with human perceptual focus
under the eye-mind hypothesis (Just and Carpen-
ter, 1980), particularly when cognitive engagement
is low. Our analysis of gaze duration reveals that
participants tend to allocate more attention to visu-
ally distinct or complex words, such as numbers
or uncommon terms, a pattern partially reflected in
early transformer attention distributions, which is
influenced by token frequency, orthographic com-
plexity, and relative positioning. The weaker align-
ment observed in final-layer attention likely reflects
increasing abstraction toward task-specific output
representations (Clark et al., 2019; van Aken et al.,
2019), which may rely on non-explicit or aggregate
cues rather than human-salient information.

Our results extend prior work by demonstrating
that attribution scores more closely approximate hu-
man decision-level reasoning. This finding is con-
sistent with prior research emphasizing the utility
of attribution scores in approximating human judg-
ment in automated scoring studies. For example,
Lottridge et al. (2023) found that IG-based saliency
maps (i.e., word importance maps) aligned closely
with human annotations in automated scoring tasks,
though challenges persisted for longer responses
and phrase-level distinctions. Similarly, Poulton
and Eliens (2021) discovered that gradient-based
techniques, especially Input X Gradient and Inte-
grated Gradients, demonstrated the highest con-
sistency in aligning with human-selected keywords
when used on transformer-based Automated Short
Answer Grading (ASAG) models trained with the



SQuUAD 2.0 dataset.

We further observed that alignment between at-
tribution scores and human word importance im-
proves substantially for correctly predicted sen-
tences. In these cases, both humans and models
may rely on highly diagnostic semantic cues, which
is consistent with principles of bounded rationality,
where decision-makers prioritize the most informa-
tive elements when processing information under
cognitive constraints (Gigerenzer and Goldstein,
1996). However, improved task performance did
not uniformly translate into stronger human-model
alignment. Notably, models such as DeBERTa-
large often achieved higher F1 scores by emphasiz-
ing frequent but semantically trivial function words
(e.g., was, of, the, a), instead of relying on meaning-
bearing content. This divergence suggests that,
while humans selectively attend to conceptually rel-
evant cues to support semantic reasoning, models
may instead exploit superficial statistical regulari-
ties to optimize classification. This pattern reflects
the Clever Hans effect (Lapuschkin et al., 2019),
in which performance gains arise from reliance
on data set-specific artifacts rather than cognitive
strategies relevant to the task, ultimately compro-
mising human reasoning alignment and limiting
generalizability.

Beyond empirical findings, this study contributes
conceptually by integrating both process-level
(gaze duration) and decision-level (attribution) indi-
cators to evaluate transformer interpretability. Ex-
isting frameworks often compare explanations to
post hoc human annotations (Doshi-Velez and Kim,
2017) without accounting for the cognitive pro-
cesses underlying those judgments. Our dual-
alignment approach addresses this gap by linking
model attention to real-time human reading behav-
jor and attribution scores to deliberative reasoning.
This distinction reflects dual-process views of read-
ing comprehension, where initial lexical processing
precedes meaning integration (Rayner, 1998), and
supports ongoing discussions that neural repre-
sentations may align with cognitive operations at
different architectural layers (Nonaka et al., 2021;
Schirrmeister et al., 2017; Yamins et al., 2014). In
addition, we show that higher task accuracy does
not necessarily imply better cognitive alignment, re-
inforcing arguments that explainability must be eval-
uated on human-relevant criteria rather than perfor-
mance alone (Lipton, 2018). By identifying where
alignment emerges and where it breaks down, such
as when models exploit shallow structural cues for
prediction, our findings fill a critical gap in under-
standing how attribution methods approximate hu-
man reasoning (Garcia et al., 2024). This offers a
pathway for refining explanation techniques to pro-
duce cognitively meaningful and trustworthy model
interpretations.
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From a practical perspective, these results pro-
vide actionable guidance for the development of
cognitively informed transformer systems. The ob-
served positive association between attribution-
word importance alignment and model perfor-
mance, particularly for IG and LOO, suggests that
incorporating human-annotated importance signals
into training or fine-tuning may promote models that
reason in ways more consistent with human cog-
nitive judgment (Bhatia and Richie, 2024; Hong
et al., 2024). Such alignment is especially rele-
vant in applications where justification quality mat-
ters as much as accuracy, such as automated es-
say scoring, clinical text assessment, and educa-
tional decision-support systems (Schneider et al.,
2022). Our results also demonstrate that early-
layer attention naturally aligns with human gaze
patterns irrespective of task-specific tuning, imply-
ing that pre-trained models already encode percep-
tual regularities that approximate low-level human
reading behavior. This suggests that approximate
gaze signals could be simulated using early atten-
tion mechanisms in contexts where eye-tracking
data is unavailable (Hollenstein et al., 2021), re-
ducing data collection costs while preserving cog-
nitive relevance. Importantly, these implications
should be approached with caution: human-model
alignment is not guaranteed by high accuracy but
emerges more reliably in cases of correct, seman-
tically grounded reasoning. This underscores the
value of integrating human-centered interpretability
evaluations into model development workflows to
discourage reliance on superficial cues and pro-
mote trustworthy decision-making.

6. Conclusion

This study examined the extent to which trans-
former interpretability measures statistically corre-
spond to human-derived indicators of reading and
decision processes in a sentence relation classifica-
tion task. By jointly evaluating attention—gaze and
attribution—word importance correlations across
architectures, layers, and fine-tuning stages, we
provide a structured assessment of human—model
alignment at both process and decision levels. Re-
sults show that early-layer attention weights ex-
hibit stable, moderate correlations with gaze du-
ration that are largely unaffected by task-specific
fine-tuning, suggesting that pretrained represen-
tations encode perceptual or lexical regularities
that overlap with human reading-time allocation.
In contrast, attribution methods, particularly Inte-
grated Gradients and Leave-One-Out, demonstrate
stronger correlations with human-annotated word
importance, especially for correctly predicted sen-
tences. However, higher predictive performance
does not uniformly imply stronger alignment, and



some high-performing models rely on superficial
cues that diverge from human-identified relevance.
Taken together, these findings indicate that different
interpretability measures capture distinct aspects
of model computation, only some of which overlap
with human cognitive signals. Systematic evalua-
tion against human-derived benchmarks is there-
fore necessary to assess the cognitive plausibility
of transformer explanations and to inform the de-
velopment of more transparent and human-aligned
NLP systems.

7. Limitations and Future Work

Despite offering new insights into human-model
alignment, this study is subject to several method-
ological and conceptual constraints. First, the op-
erationalization of human cognition was limited to
gaze duration and word-importance ratings from
a single eye-tracking dataset (ZuCo2.0). While
gaze duration is an established indicator of atten-
tional allocation, it does not fully capture deeper
reasoning or semantic integration processes. Simi-
larly, binary top 20% annotations simplify human
judgment into discrete relevance tiers. Future re-
search should incorporate temporally dynamic and
multivariate cognitive signals such as fixation re-
gressions, saccade patterns, or EEG measures
(Hollenstein et al., 2020), and expand to datasets
featuring greater linguistic, demographic, and task
diversity to strengthen generalizability.

Second, the analysis was restricted to encoder-
based transformers within the BERT family. While
this constraint enabled controlled architectural com-
parison, it limits conclusions about autoregressive
decoder-only LLMs or hybrid architectures. Evalu-
ating models trained under different objectives (e.g.,
causal language modeling) would clarify whether
observed alignment patterns depend on training
signals or architectural inductive biases.

Third, interpretability measures were evaluated
primarily through correlation analysis. While cor-
relation provides an interpretable and comparable
summary metric, it compresses structured align-
ment into a single scalar statistic. This aggregation
obscures distributional properties such as sparsity,
positional concentration, or higher-order interaction
patterns across tokens. Future work should com-
plement correlation-based metrics with distribution-
sensitive similarity measures, permutation controls,
and intervention-based evaluations to more fully
characterize explanatory correspondence.

Finally, the scope of investigation was limited
to sentence-level relation classification. Extend-
ing this research to more complex, open-ended,
or generative NLP tasks (e.g., reasoning, auto-
mated scoring, long-form comprehension), as well
as non-text domains such as computer vision or

multimodal learning, would enable broader evalu-
ation of human-model alignment across cognitive
demands and representational structures.
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