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Abstract

The automated detection of sexism in memes is a notoriously challenging task due to multimodal ambiguity,
cultural nuance, and the use of humor to provide plausible deniability. As a result, content-only models often fail to
capture the complexity of human perception. To address this fundamental limitation, we introduce and validate a
human-centered paradigm that augments standard content features with rich physiological data. We created a novel
resource by recording Eye-Tracking (ET), Heart Rate (HR), and Electroencephalography (EEG) from 16 subjects
(8 per experiment) while they viewed 3984 memes from the EXIST 2025 dataset. Our statistical analysis reveals
significant physiological differences in how subjects process sexist versus non-sexist content. Sexist memes were
associated with higher cognitive load (evidenced by increased fixation counts and longer reaction times), and with
differences in EEG spectral power across the Alpha, Beta, and Gamma frequency bands. This pattern, commonly
linked in previous research to increased attentional engagement and cognitive effort during visual processing,
suggests that sexist memes may elicit more demanding neural activity compared to non-sexist ones. Building
on these findings, we propose a novel multimodal fusion model that integrates these physiological signals with
enriched textual-visual features derived from a Vision-Language Model (VLM). Our final model achieves an AUC of
0.794 in binary sexism detection, a statistically significant 3.4% improvement over a powerful VLM-based baseline.
The fusion of physiological data proves particularly effective for nuanced and ambiguous cases, boosting the
F1-score for the most challenging fine-grained category, Misogyny and Non-Sexual Violence, by an unprecedented
26.3%. Our work demonstrates that human physiological responses provide a robust, objective signal of perception
that can significantly enhance the accuracy and human-awareness of automated systems for countering online sexism.
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1. Introduction

The proliferation of social media has reconfigured
communication, but it has also created a fertile
environment for the dissemination of harmful con-
tent. Online sexism and misogyny have become
pervasive phenomena that normalize discrimina-
tory attitudes, silence the voices of women, and
cause tangible psychological harm (United Nations
Entity for Gender Equality and the Empowerment
of Women (UN Women), 2025; Dehingia, 2020).
The scale of the problem is staggering: a 2025
Amnesty UK report revealed that 73% of Gen Z
users have withessed misogynistic content online,
with TikTok being the primary vector (70% of re-
spondents) (Amnesty International UK, 2025). This
abuse is not trivial and leads to lowered self-esteem
and self-censorship (Swan, 2025), constituting a
significant human rights issue in the digital age.
Within this ecosystem, memes have emerged
as a key medium of communication, but also as
a vehicle for propagating sexist ideologies (Issac,
2018). The challenge for their automatic detec-
tion lies in their unique semiotic structure: their
meaning emerges from the multimodal interplay
between text and image and is often shrouded in
humor, irony, or satire (Argiello-Gutiérrez et al.,

2022). This strategic ambiguity creates "plausi-
ble deniability," allowing creators and sharers of
harmful content to evade accountability by claim-
ing it was "just a joke." This feature makes sexist
memes a particularly difficult problem for artificial
intelligence systems (Singh et al., 2023).

Current computational models, even state-of-the-
art ones, systematically fail when faced with this
challenge. The "Hateful Memes Challenge" by
Facebook Al demonstrated that cutting-edge multi-
modal models performed little better than random
chance when classifying memes where the offen-
sive nature arose from the combination of individ-
ually non-offensive text and images (Kiela et al.,
2020). This failure highlights a fundamental gap:
"sexism" is not an intrinsic property of the content
but an emergent phenomenon shaped by human
interpretation. Human perceptual and affective re-
sponses provide complementary information that
can help models capture the nuanced and context-
dependent nature of sexist content more effectively
(Khan et al., 2025).

This work proposes a human-centered pivot: in-
stead of training an Al model to replicate subjec-
tive labels, we propose teaching it to recognize
unconscious physiological responses that mani-
fest in a human who perceives a given content as
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sexist. Physiological and neural reactions—such
as gaze patterns (Bradley et al., 2008), heart rate
variability (Garcia Martinez et al., 2024), or brain
activity (Quan et al., 2021)—are objectively mea-
surable and less ambiguous than conscious inter-
pretations. This study leverages physiological data
from eye-tracking (ET), heart rate (HR), and elec-
troencephalography (EEG) as a more reliable proxy
for the human experience, addressing the following
research questions:

RQ1 Are physiological responses—eye-tracking,
heart rate, and electroencephalogra-
phy—significantly different between sexist and
non-sexist memes, and across distinct types
of sexism?

RQ2 Are there statistically significant differences
in performance among unimodal classifiers
based solely on (a) textual, (b) visual, and (c)
physiological-derived features when detecting
and categorizing sexist memes?

RQ3 Can the incorporation of physiological data into
a multimodal fusion model (text + image) yield
a significant improvement in classification per-
formance over a baseline text+image model?

Contributions

1. A new resource. A multimodal dataset built
from 3984 memes with rich physiological re-
sponses from 16 subjects (8 per experiment)
across two large-scale studies: Experiment 1
recorded ET and HR responses (7782 record-
ings), while Experiment 2 recorded EEG
and HR responses (7714 recordings), total-
ing 15496 instances.

2. Physiological evidence. An analysis show-
ing statistically significant differences in neuro-
physiological responses across sexism types
and categories, highlighting aspects that re-
main challenging for content-only systems and
providing insights into their current limitations.

3. A fusion model. A hierarchical attention ar-
chitecture that integrates physiological data
with enriched content features, yielding signifi-
cant, robust improvements over strong base-
lines on multiple sexism-detection tasks, with
the largest benefits on nuanced, ambiguous
cases.

2. Related Work

The automatic detection of harmful content is a
well-established field of research. It is crucial to
distinguish between hate speech, a broad concept
(Nockleby, 2000); misogyny, which involves ha-
tred or dislike of women; and sexism, which refers

to prejudice or discrimination based on sex and can
manifest subtly. Misogyny lies at the intersection
of hate speech and sexism, sharing characteristics
of both.

Sexism detection has evolved significantly, mov-
ing from textual analysis to multimodal and multi-
lingual approaches, driven by shared tasks such
as task 10 at SemEval-2023 (Kirk et al., 2023)
and, more recently, the EXIST lab series (Plaza
et al., 2025), which has expanded its focus to in-
clude memes and videos. Methodologies have
progressed through several stages:

1. Statistical Learning: Early approaches used
features like TF-IDF and N-grams with classi-
cal models such as SVM and Logistic Regres-
sion (Jha and Mamidi, 2017; Pelle and Moreira,
2017).

2. Word Embedding-Based: Later, neural net-
works (CNN, LSTM) fed with pre-trained em-
beddings (Word2Vec, GloVe) improved the
capture of semantic context (Gasparini et al.,
2018; Grosz and Conde-Cespedes, 2020).

3. Pre-trained Language Models (PLMs): The
advent of Transformers (BERT, RoBERTa)
marked a qualitative leap, enabling deep con-
textual understanding (Parikh et al., 2021).
Multimodal models (e.g., Visual-BERT) be-
gan to more effectively integrate textual and
visual information (Rizzi et al., 2023; Arcos and
Rosso, 2024).

4. Large Language Models (LLMs): The most
recent models, like ChatGPT and Llama, are
used for their advanced reasoning capabili-
ties, although their performance on specific
classification tasks can vary compared to fine-
tuned PLMs (Li et al., 2024; Abercrombie et al.,
2024).

Despite these advances, key challenges persist.
Models often lack generalizability to unseen data
(Samory et al., 2021) and suffer from biases inher-
ited from training data. Interpretability remains a
problem, as most models function as "black boxes,"
making it difficult to understand their decisions.

In parallel, a line of research has emerged that
integrates physiological data into Natural Language
Processing (NLP) to capture human cognitive and
affective responses.:

» Eye-Tracking has been used to understand
cognitive load and attention, showing that gaze
patterns shift when encountering complex, am-
biguous, or emotionally salient content (Khu-
rana et al., 2023; Kar et al., 2025).

* Heart Rate provides a general indicator of
physiological arousal and stress. In our study,
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HR was continuously recorded to obtain de-
scriptive measures of cardiac activity during
meme-viewing, allowing temporal alignment
with EEG and eye-tracking data (Azarbarzin
et al., 2014).

+ Electroencephalography offers a direct, high-
temporal-resolution measurement of brain ac-
tivity, allowing for the identification of neural
correlates of semantic and emotional process-
ing in real time (Lin and Yang, 2024).

While these sensors have been used in NLP, they
have not addressed the specific ambiguity of sex-
ist memes. We treat physiological responses as
complementary content-level signals: eye-tracking,
heart rate, and electroencephalography features
are aggregated across viewers and aligned with
the majority EXIST labels per meme, in order to
make the model learn generalized patterns linked
to consensually sexist content. These signals do
not replace human annotations; they help disam-
biguate cases where text—-image cues are insuffi-
cient, in line with recent work aligning models with
human perceptual and cognitive signals (Zermiani
et al., 2024; Hollenstein et al., 2020). However, this
approach also entails important limitations: models
may encounter conflicting information when physi-
ological reactions from a small number of subjects
diverge from the majority labels, introducing po-
tential noise and reducing the reliability of aggre-
gated physiological patterns. For instance, Zermi-
ani et al. (2024) introduced InteRead, a 50-subject
eye-tracking dataset of real-world texts with sys-
tematically triggered interruptions, providing fine-
grained annotations of gaze behavior and resump-
tion lags. Their analyses confirmed that interrup-
tions, as well as lexical variables such as word
length and frequency, significantly shape reading
dynamics, highlighting gaze as a robust indicator
of cognitive load. Similarly, Hollenstein et al. (2020)
released ZuCo 2.0, which records simultaneous
EEG and eye-tracking during both natural read-
ing and annotation tasks, thereby capturing neural
and ocular correlates of comprehension and task-
specific processing. Together, these resources
demonstrate the feasibility and scientific value of
integrating physiological signals into NLP pipelines,
underscoring the timeliness of our proposal to in-
corporate ET, HR, and EEG into sexism detection
models, moving beyond purely textual or visual fea-
tures.

3. A Multimodal Resource of Sexist
Meme Perception

To build and test our human-centered models, we
created a new multimodal resource by collecting
physiological responses to existing, expertly anno-
tated sexist and non-sexist memes.

Table 1: EXIST 2025 Meme Dataset Statistics
(TRAIN). Percentages for T2 and T3 are calculated
over the sexist subset of each language.

Task Label Spanish (N, %)  English (N, %)
Sexist 1040 (52.6) 963 (48.0)

T1: Sexism ID  Non-Sexist 626 (31.6) 741 (37.0)
Ties 313 (15.8) 301 (15.0)

Direct 731 (70.3) 575 (59.7)

T2: Intention Judgmental 179 (17.2) 226 (23.5)
Ties 130 (12.5) 162 (16.8)

Ideological Ineg. 290 (27.9) 296 (30.7)

Stereotyping 249 (23.9) 202 (21.0)

. Objectification 228 (21.9) 212 (22.0)
T3: Category eyl Violence 77 (7.4) 60 (6.2)
Misogyny NSV 32 (3.1) 19 (2.0)

Ties 164 (15.8) 174 (18.1)

Total Memes 1979 2005

3.1. EXIST 2025 Memes

We used the official training split of the EXIST
2025 shared task (Plaza et al., 2025), a publicly
available dataset containing 3984 memes (1979
in Spanish, and 2005 in English). In EXIST, sex-
ist memes are further categorized by communica-
tive intent: Direct sexism refers to content that
itself expresses or promotes sexist ideas, whereas
Judgmental sexism describes content that por-
trays or condemns sexist situations or behaviors.
The memes were annotated in EXIST for three hier-
archical tasks, with statistics summarized in Table
1.

Each meme was annotated by six annotators,
revealing a clear trend in subjectivity. While Task
1 (binary sexism detection) achieved fair agree-
ment (Fleiss’ k = 0.282), the consensus dropped
significantly for more nuanced judgments. For
Task 2 (source intention), agreement was merely
slight (x ~ 0.19). This subjectivity was most pro-
nounced in Task 3 (fine-grained categorization),
where the Misogyny and Non-Sexual Violence cat-
egory showed the lowest agreement of all (k =
0.103). This high degree of human disagreement
on the content’s meaning strongly motivates our
physiological approach, which seeks a more objec-
tive signal of perception. For our models, we used
the majority-vote labels provided by the task orga-
nizers, and all experiments reported in this paper
were conducted on the training partition.

3.2. Physiological Data Collection

We conducted two experiments with a total of 16
subjects of different nationalities, with a gender-
balanced distribution, in their 20s and 30s. This
age range was considered particularly relevant, as
younger populations have been reported to exhibit
greater tolerance toward sexist content (Plaza et al.,
2024), enabling the investigation of their uncon-
scious cognitive and emotional reactions to such
content. Each of the 3984 memes was viewed by
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at least two subjects.

Procedure. Subjects were seated comfortably
while memes were displayed on a screen until they
provided a response, followed by a 3-second pause
before the next stimulus to prevent overlap. In each
session (= 45 minutes), subjects viewed 100-170
memes. After each meme, they answered con-
trol questions about its content to ensure engage-
ment and comprehension. All subjects gave their
consent to use the data anonymously for research
purposes.

We used the following devices to collect physio-
logical data during the experiments:

» Eye-Tracking: Pupil Labs Neon glasses
recorded binocular gaze data at 200 Hz.

* Heart-Rate: A Garmin Venu 3 watch continu-
ously measured inter-beat intervals.

* Electroencephalography: A 16-channel
OpenBCI Cyton Ultracortex Mark IV headset
recorded neural activity from 16 scalp locations
(1020 system) at 250 Hz.

3.3. Physiological Feature Extraction

From the raw physiological data, we extracted a
comprehensive feature set for each meme-viewing
instance, structured by experimental setup.

Experiment 1 (ET)

« ET: For each oculomotor event (fixations,
blinks, pupil diameter), we computed summary
statistics (mean, standard deviation, minimum,
maximum, count) capturing detailed patterns
of visual attention.

Experiment 2 (EEG)

» EEG: Signals were acquired concurrently with
HR. Preprocessing included: (1) conversion
to uV; (2) zero-phase 4th-order Butterworth
band-pass filter (0.5-40 Hz); and (3) baseline
correction using a 2-second pre-stimulus in-
terval. For each of the 16 channels (10-20
system), we extracted time-domain statistics
and frequency-domain features by estimating
PSDs with Welch’s method (256-sample win-
dows) and integrating power over Delta (0.5-4
Hz), Theta (4-8 Hz), Alpha (8-13 Hz), Beta
(13-30 Hz), and Gamma (30—40 Hz). Features
were harmonized via Box—Cox transformation,
ComBat correction (Fortin et al., 2018), Win-
sorization, and robust Z-scoring.

Common measures (HR and RT)

* HR: Recorded in both experiments to provide
a shared physiological reference and enable
temporal alignment across modalities. For
each trial, we computed summary statistics
(mean, standard deviation, minimum, maxi-
mum) as indicators of overall arousal.

» Reaction Time (RT): Recorded in both exper-
iments, defined as the elapsed time between
the initial presentation of a meme and the sub-
ject’s response to proceed to the next stimulus.
Stimuli remained on screen until response, fol-
lowed by a 3-second pause to prevent overlap.

This process yielded a rich, multimodal dataset
linking meme content to synchronized physiological
responses, forming our new resource.

4. Physiological Correlates of Sexism
Perception

Our analysis (RQ1) revealed significant physiolog-
ical markers, showing that the human brain and
body appear to respond with specific patterns to
sexist content.

4.1. Cognitive Load and Autonomic

Arousal

Eye-tracking data established a clear cognitive load
gradient. As shown in Table 2, both reaction time
and fixation count increased significantly and pro-
gressively (p < .001) from non-sexist memes, to
direct sexist memes, and finally to judgmental sex-
ist memes, which required the most cognitive ef-
fort. Blink duration was also significantly shorter
for direct sexist content (p = .005), consistent with
heightened visual attention, as shorter blink dura-
tions have been shown to occur under increased
visual workload and sustained attentional engage-
ment (Benedetto et al., 2011).

4.2. Category-Specific and Neural
Signatures

A granular analysis revealed unique neurophys-
iological signatures for specific types of sexism.
Most notably, memes featuring Objectification trig-
gered a significant constriction of the right pupil
(p = .036), a known physiological marker of pro-
cessing aversive visual stimuli, as pupillary con-
striction has been shown to occur in response to
unpleasant or emotionally negative content inde-
pendent of luminance or arousal effects (Ayzenberg
et al., 2018; Blini and Zorzi, 2023).

EEG analysis offered insights into brain activity.
For binary sexism detection (Task 1), we observed
a significant power reduction (desynchroniza-
tion) in the Alpha, Beta, and Gamma bands over
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Table 2: Key physiological metrics across sexism levels (Mean + SD). p-values from ANOVA.

Metric Non-Sexist Direct Sexist Judgmental p-value
Reaction Time (s) 13.68+9.10 15.84+11.40 17.58+12.08  0.000***
Fixation Count 40.31+28.37  44.42+33.67  50.34+37.61  0.000***
Blink Duration (ms) 267.36+57.65 261.13+55.27 263.05+50.58 0.007**

right frontal (anterior) channels when viewing sex-
ist compared to non-sexist memes. This pattern
is consistent with prior work on affective picture
processing reporting alpha—beta desynchroniza-
tion and gamma-band modulation in both posterior
and anterior (including frontal) regions (Schubring
and Schupp, 2019; Strube et al., 2021). The right-
frontal localization in our data may reflect higher-
order evaluative or conflict-monitoring processes
engaged by sexist content. (Figure 1a). When dis-
tinguishing direct from judgmental sexism (Task
2), viewing direct memes triggered a widespread
power increase (synchronization) across multi-
ple frequency bands in the right parietal region,
consistent with prior evidence showing enhanced
gamma-band synchronization in parietal and vi-
sual cortices during the processing of emotionally
salient or hostile visual stimuli (Luo et al., 2009;
Headley and Paré, 2013), suggesting more intense
sensory and affective processing for overtly hostile
content (Figure 1b). The analysis of fine-grained
categories and emotions revealed further unique
signatures. For instance, memes categorized as
Objectification were associated with significant
power increases in Alpha/Theta at central chan-
nel C4 and Gamma at frontal Fp2 (Figure 1c). Fi-
nally, when the meme’s OCR text was automatically
classified as inducing Fear', the EEG registered
widespread, bilateral frontal activation across all
bands, a pattern consistent with prior findings link-
ing frontal—parietal oscillatory dynamics to threat
detection and heightened vigilance during emotion-
ally salient or fear-inducing contexts (Grimshaw
et al., 2014; Bodala et al., 2016) (Figure 1d).

5. Multimodal Fusion Model

To leverage these rich signals, we developed a
hierarchical attention-based fusion model (Figure
2) designed to integrate enriched content features
with sequences of physiological responses.

Enriched Content Representation. Instead of
directly fusing raw image features with text, which
can be ineffective, we first use a Vision-Language

"Emotion labels were derived from the meme’s
OCR text using language-specific ~ models:
daveni/twitter—-xlm-roberta—-emotion-es
(Spanish) and j-hartmann/emotion-english-
distilroberta-base (English).

Model (owen2 . 5-VL-7B?) to generate a detailed
textual description and preliminary sexism analysis
of each meme. This generated text is concatenated
with the meme’s original OCR text, separated by a
special token.

Physiological Fusion Core. The EEG and
ET/HR feature vectors are treated as sequences
(where each token represents one subject’s reac-
tion). Each physiological sequence is indepen-
dently passed through a multi-head cross-attention
layer. In this crucial step, the physiological se-
quence acts as the Query, while the text token
embeddings from the XLM-RoBERTa (XLM-R) en-
coder serve as the Key and Value. This allows the
model to learn which textual elements are most cor-
related with the observed neural and attentional re-
actions. The resulting text-aware physiological rep-
resentations are aggregated via a learned weighted
sum and concatenated with the main text embed-
ding ([cLs] token) for final classification through
a small Multilayer Perceptron (MLP) head.

Training Strategy. The model is trained in two
phases for stability: first, only the fusion head and
attention layers are trained for 5 epochs with the
XLM-R backbone frozen (LR = 5e-5). Then, the en-
tire model is fine-tuned for 10 epochs using discrim-
inative learning rates (2e-6 for lower layers, 1e-5 for
upper layers, 5e-5 for the head) with the AdamW op-
timizer and a weighted Binary Cross-Entropy (BCE)
loss function to handle class imbalance.

6. Results and Analysis

We evaluated our models using 5-fold cross-
validation, reporting macro F1-score and AUC. Our
unimodal analysis (RQ2) showed that EEG-based
classifiers performed surprisingly well, achieving
an AUC of 0.717 for Task 1, on par with the text-only
XLM-R (AUC 0.704). This confirms that physiologi-
cal data alone is a powerful predictor of perceived
sexism.

Our multimodal results (RQ3), summarized in
Table 3, demonstrate the synergistic power of our
fusion strategy. Our content-only baseline (Qwen-
VL + XLM-R) is already very strong, significantly
outperforming a simple ViT+XLM-R concatenation.

2https://huggingface.co/Qwen/Qwen2.5-VL-7B-
Instruct
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Figure 1: EEG topographic maps of band-power differences across key experimental contrasts. For
each subfigure, the top row shows the mean power for the first condition and the middle row for the
second; the bottom row shows their difference (Condition 2 — Condition 1). Specifically: (a) Non-Sexist
vs. Sexist; (b) Judgmental vs. Direct Sexism; (c) Non-Obijectification vs. Objectification; (d) Neutral
vs. Fear (OCR-based emotion). Columns correspond to Delta, Theta, Alpha, Beta, and Gamma bands.
Red indicates power increase, blue indicates power decrease; red stars mark channels with statistically

significant differences (p < 0.05).

Table 3: Multimodal model performance (AUC)
across all tasks. Improvements from the baseline
are statistically significant (p < .05).

Table 4: F1-score for Task 3 categories. The full
model significantly improves classification accuracy
on the hardest classes.

Model / Fusion T1: Binary T2: Intention  T3: Category Category (Task 3) Baseline F1 Full Model F1
(Simple Fusion) Ideological Inequality 0.566 +.020 0.585 + .007
XLM-R + ViT 0.699 + .012  0.575+.028 0.703 £ .031 Stereotyping Dominance ~ 0.479 + .051  0.498 + .020
Objectification 0.541 + .037 0.561 + .026
(Our Models) Sexual Violence 0.396 +.045  0.428 + .041
Qwen-VL + XLM- 0.768 +.016  0.628 +.017  0.782 %+ .023 Misogyny NSV 0.259 + .074 0.327 + .033
R
+ EEG 0.783 +.013  0.634 £.019  0.779 £ .020 Macro Average 0.448 + .045 0.480 £+ .025
+ EEG + ET/HR 0.794 + .019 0.655 + .025 0.784 + .015

However, incrementally adding physiological sig-
nals yields statistically significant improvements
across all tasks, confirmed by non-overlapping 95%
confidence intervals (Figure 3).

For binary sexism detection (Task 1), our full
model achieves an AUC of 0.794, a 3.4% relative
improvement over the strong baseline. For the
highly nuanced intention detection (Task 2), where
human agreement is low, the physiological signals
provide a crucial disambiguating signal, boosting
AUC by 4.3% from 0.628 to 0.655.

The most dramatic impact is in fine-grained cat-
egorization (Task 3). As shown in Table 4, the
F1-score for the most challenging class, Misog-
yny & Non-Sexual Violence, jumps by an unprece-
dented 26.3% (from 0.259 to 0.327) with the full
model. This shows that when content features are
weak, the objective signal of the human response
becomes indispensable for more accurate classifi-
cation.
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Figure 2: Architecture of the final hierarchical attention-based fusion model. It integrates enriched text
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tokens and physiological responses.
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Figure 3: Performance on Task 1 (Binary Sexism Detection) with 95% confidence intervals. Bars represent

model performance scores (Macro F1, F1+, and AUC), showing a progressive and statistically significant
improvement (p < 0.05) as all physiological signals are added.
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6.1. Attention-Based Interpretability

To explore how the multimodal fusion model inte-
grates physiological and textual information, we
visualized its cross-attention mechanisms. Figure
4 presents a case study of a subtle sexist meme
that the content-only baseline misclassified but our
full model correctly identified as sexist. The meme
(Figure 4a) shows a well-known female political
leader with the Spanish caption “; MUJERES AL
PODER? ; PARA HACER COMO LA TATCHER?
FFFFUUUU!I” (“WOMEN IN POWER? TO DO
LIKE THATCHER? FFFFUUUUNI™). The meme
uses sarcasm, taking an extreme example of fe-
male leadership to ridicule the idea of women in
power. It expresses frustration toward women’s po-
litical participation, reflecting ideological or stereo-
typical rather than overt misogynistic sexism.

The attention map (Figure 4b) illustrates how the
model integrates multimodal cues. High attention
weights align with the meme’s literal text, particu-
larly “¢ MUJERES AL PODER?”, and with analytical
phrases generated by the VLM, such as “critique of
women’s ability to lead.” These associations sug-
gest that the model learns to connect implicit neural
patterns with explicit semantic representations of
sexism. Note that this visualization does not repre-
sent a direct physiological mapping between EEG
activity and specific words. It reflects correlations
learned by the model, not temporally aligned neural
responses. This should be viewed as an Al-level
inference rather than a physiological interpretation,
which we acknowledge as a limitation that future
work should address by integrating EEG with ET
for word-level alignment.

7. Conclusion and Future Work

This work validates a novel, human-centered
paradigm for sexism detection. The results seem to
indicate that physiological responses to memes pro-
vide a rich, objective signal of perception that com-
plements content analysis. We have collected and
will release a first-of-its-kind multimodal resource
pairing memes with ET, HR, and EEG data, opening
new avenues for research on affective computing,
focused on systems that sense and interpret human
cognitive and emotional reactions. Our multimodal
fusion model, which learns to associate implicit
physiological patterns with explicit content features,
delivers consistent gains over strong content-only
baselines, indicating that aligning multimodal sys-
tems with human psychological responses is an
effective strategy for building more accurate and
robust classifiers. Notably, no significant effects
were observed for heart rate, likely because static
and brief meme stimuli may not elicit sufficient au-
tonomic activation (Brouwer et al., 2013). A fur-
ther limitation is that memes were not controlled
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(b) Cross-modal attention map between EEG sig-
nals and textual tokens.

Figure 4: Attention-based interpretation of a cor-
rectly classified sexist meme.

for visual or textual complexity, which could also
influence physiological responses independently of
sexist content.

Future work should focus on modeling the rich
subjectivity in our data, moving beyond majority-
vote labels to predict user-specific or demographic-
aware perceptions of harm using frameworks like
Learning with Disagreements (Uma et al., 2021).
Extending this paradigm to dynamic video content
(e.g., from TikTok), which introduces temporal com-
plexities, is another critical next step. By continuing
to "listen" to the nuanced signals of the human
brain and body, we can build more accurate, ro-
bust, and ultimately more human-aware systems
to foster safer digital environments.

8. Ethical Considerations

The physiological data was gathered from 16 sub-
jects of different nationalities that gave their consent
to use the data anonymously for research purposes.
The meme stimuli, while sometimes offensive, were
part of a pre-existing dataset used for the EXIST
shared tasks. For the analysis, the demographic
and physiological data were anonymized to protect
subject privacy. The goal of this research is to de-
velop human-centered Al models, and we advocate
for the use of the dataset and models introduced
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in this work in systems that prioritize transparency,
user agency, and robust appeals processes.
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