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Abstract: Sexism ranges from explicit misogyny to subtle forms of prejudice disguised
as humor, irony, or seemingly harmless remarks. This challenge is particularly acute on
short-form video platforms such as TikTok, where meaning emerges from the interaction
of spoken audio, on-screen text, gestures, editing, and social context. To address this lim-
itation, we propose a human-centered approach that augments content features with phys-
iological data. We rely on a multimodal resource built on 2524 TikTok videos from the
EXIST 2026 dataset, evaluated by 10 subjects across 15 sessions while Eye-Tracking (ET),
Heart Rate (HR), and Electroencephalography (EEG) signals were recorded. Our anal-
ysis reveals significant physiological differences between sexist and non-sexist content,
including longer reaction times, increased fixation patterns, and differential EEG signa-
tures. Building on these findings, we propose a hierarchical multimodal fusion architecture
that integrates physiological sequences with enriched textual-visual features derived from
Qwen3-VL-4B-Instruct using four sampled frames per video. The complete model
achieves an AUC of 0.790 in binary sexism detection and improves over the text+frames
baseline by 3.9% in Task 1 (binary sexism detection), 6.5% in Task 2 (direct vs. judgmental
sexism), and 6.8% in Task 3 (multiclass and multilabel sexism categories). These results
show that human physiological responses provide a robust complementary signal for im-
proving automated sexism moderation in social media videos.
Keywords: sexism detection, TikTok videos, eye-tracking, heart rate, EEG.

Resumen: El sexismo abarca desde la misoginia explícita hasta prejuicios sutiles disfraza-
dos de humor, ironía o comentarios aparentemente inofensivos. Detectarlo resulta especial-
mente difícil en TikTok, donde el sentido surge del audio, el texto en pantalla, los gestos,
la edición y el contexto social. Proponemos un enfoque centrado en el humano que com-
plementa el contenido con datos fisiológicos. El recurso multimodal reúne 2524 vídeos de
TikTok de EXIST 2026, evaluados por 10 sujetos en 15 sesiones con seguimiento ocular
(ET), ritmo cardíaco (HR) y electroencefalografía (EEG). El análisis identifica diferencias
fisiológicas significativas entre el contenido sexista y no sexista: mayores tiempos de reac-
ción, más fijaciones y distintas firmas EEG. A partir de estos resultados, proponemos una
arquitectura jerárquica de fusión multimodal que integra secuencias fisiológicas con car-
acterísticas textuales-visuales enriquecidas mediante Qwen3-VL-4B-Instruct sobre
cuatro fotogramas por vídeo. El modelo alcanza un AUC de 0.790 en la detección binaria y
mejora respecto a texto+fotogramas un 3.9% en la Tarea 1 (detección binaria), un 6.5% en la
Tarea 2 (sexismo directo frente a valorativo) y un 6.8% en la Tarea 3 (categorías multiclase
y multietiqueta). Los resultados confirman que las respuestas fisiológicas humanas aportan
una señal complementaria robusta para mejorar la moderación automatizada del sexismo en
vídeos de redes sociales.
Palabras clave: detección de sexismo, vídeos de TikTok, seguimiento ocular, ritmo
cardíaco, EEG.

1 Introduction

Sexism ranges from explicit misogyny to sub-
tle prejudice expressed through stereotypes, ob-
jectification, irony, or humor. Detecting it is

especially difficult on TikTok, where meaning
emerges from spoken language, on-screen text,
gestures, editing, and context. Although sex-
ism detection has progressed from text-only to
multimodal models (Arcos and Rosso, 2024;



De Grazia et al., 2026; Italiani et al., 2026), im-
plicit and judgmental content remains challeng-
ing because a content-only classifier cannot ob-
serve the cognitive and affective response elicited
in viewers.

Social platforms amplify gendered inequali-
ties while exposing young audiences to rapidly
changing audiovisual narratives. TikTok is es-
pecially influential because its recommendation
mechanism and immersive format encourage re-
peated, context-light consumption. Harmfulness
may depend on whether a speaker endorses a sex-
ist statement, quotes it critically, or uses irony;
the same surface cues can therefore support op-
posing interpretations. Robust moderation must
capture both the stimulus and the interpretative
effort it demands.

We therefore investigate physiological reac-
tions as complementary evidence rather than as a
replacement for human judgment. Eye-Tracking
(ET), Heart Rate (HR), and Electroencephalog-
raphy (EEG) can capture attention, arousal, and
interpretative effort continuously. We use 2524
TikTok videos from EXIST 2026, evaluated by
10 subjects across 15 sessions, and combine
their physiological responses with textual-visual
representations generated from four frames by
Qwen3-VL-4B-Instruct1 through a hierar-
chical attention model. Audio integration is left
for future work.

Unlike self-reports, these signals are contin-
uous and largely involuntary. They may re-
veal hesitation, attention allocation, or emotional
salience that annotators cannot easily verbalize.
We use them only as an additional content-level
training signal, never as a substitute for human
judgment or as a proposed mechanism for moni-
toring users.

We ask whether physiological responses dif-
fer across sexism labels (RQ1), whether visual-
semantic and physiological signals improve sex-
ism classification (RQ2), and whether physiol-
ogy significantly improves a strong text+frames
baseline (RQ3). Our contributions are a syn-

1https://huggingface.co/Qwen/

Qwen3-VL-4B-Instruct

chronized human-centered resource, physiolog-
ical evidence across three sexism tasks, and a
hierarchical fusion model that yields consistent
gains.

2 Related Work

Hate speech, misogyny, and sexism overlap but
are not equivalent. Hate speech is broad (Nock-
leby, 2000); misogyny expresses hostility toward
women; sexism additionally includes stereotyp-
ing, discrimination, and subtle or benevolent
prejudice. This distinction matters computa-
tionally because implicit sexism may contain no
overtly offensive lexical or visual marker.

Sexism detection has evolved from feature-
based text classifiers using TF–IDF and n-grams
(Jha and Mamidi, 2017; Pelle and Moreira, 2017)
to neural representations (Gasparini et al., 2018;
Grosz and Conde-Cespedes, 2020), transform-
ers (Parikh et al., 2021), and multimodal systems
(Rizzi et al., 2023; Arcos and Rosso, 2024). Se-
mEval and EXIST have driven multilingual and
fine-grained evaluation (Kirk et al., 2023; Plaza
et al., 2025). Nevertheless, irony, in-group hu-
mor, and communicative stance remain difficult
even for large models (Li et al., 2024; Abercrom-
bie et al., 2024).

Recent work addresses this limitation through
richer video and relational modeling. Fine-
MuSe introduces hierarchical annotations for
subtle communicative strategies (De Grazia et
al., 2026); Qwen3-VL provides unified visual-
textual representations (Bai et al., 2025); Multi-
HateLoc targets temporal localization (Sun et al.,
2026); and MemeWeaver exploits inter-instance
relations (Italiani et al., 2026). These develop-
ments motivate architectures that preserve tem-
poral and hierarchical structure rather than treat-
ing a video as a static image-caption pair.

Physiological signals provide complementary
evidence about perception. ET reflects attention
and cognitive load (Khurana et al., 2023; Kar
et al., 2025); HR reflects arousal (Azarbarzin
et al., 2014); and EEG captures neural dynam-
ics with high temporal resolution (Lin and Yang,
2024). Alpha activity is associated with atten-



tional gating, theta with cognitive control, and
beta/gamma with top-down maintenance and fea-
ture integration. Prior human-centered NLP re-
sources (Zermiani et al., 2024; Hollenstein et al.,
2020) show that such signals can enrich language
models without replacing human labels.

Cognitive feedback from EEG can encode
preferences and interpretative effort (Harada and
Oseki, 2025). In sexism detection, physiology-
enhanced models for memes improve binary and
difficult fine-grained cases (Arcos Gabaldón,
Rosso, and Gomis Vicent, 2026). Our work ex-
tends this direction to short videos, where the
stimulus is temporal, multilingual, and audiovi-
sual, and where multiple subject responses must
be fused for the same item.

3 A Multimodal Resource for Sexism
Detection in Videos

To build and evaluate the proposed human-
centered models, a multimodal setting is used
in which physiological responses are recorded
while subjects watch existing sexist and non-
sexist videos annotated as part of the EXIST
2026 shared task2.

3.1 EXIST 2026 TikTok Videos
We used the official training split of the EX-
IST 2026 shared task, a publicly available dataset
containing 2524 short-form videos (1524 in
Spanish and 1000 in English). In EXIST, sex-
ist videos are categorized by communicative in-
tent: Direct sexism refers to content that it-
self expresses or promotes sexist ideas, whereas
Judgmental sexism refers to content that por-
trays or condemns sexist situations or behaviors.
This distinction is relevant because judgmental
videos often require contextual interpretation of
the speaker’s stance. Videos are also annotated
for fine-grained categories. Table 1 summarizes
the dataset statistics.

The dataset is long-tailed: Stereotyping and
Dominance is the dominant Task 3 category,
whereas Sexual Violence and Misogyny and Non-
Sexual Violence are rare. Fleiss’ κ is 0.690 for

2https://nlp.uned.es/exist2026/

Task Label Spanish English

T1: Sexism ID
Sexist 747 (49.0%) 455 (45.5%)

Non-Sexist 768 (50.4%) 538 (53.8%)

T2: Intention

Direct 495 (66.3%) 241 (53.0%)

Judgmental 230 (30.8%) 194 (42.6%)

Ties 22 (2.9%) 20 (4.4%)

T3: Category

Ideolog. Ineq. 141 (18.9%) 53 (11.6%)

Stereotyping 320 (42.8%) 219 (48.1%)

Objectification 50 (6.7%) 62 (13.6%)

Sexual Violence 36 (4.8%) 12 (2.6%)

Misogyny NSV 24 (3.2%) 7 (1.5%)

Ties 176 (23.6%) 102 (22.4%)

Total Videos 1524 1000

Table 1: EXIST 2026 Video Dataset Statistics
(TRAIN). Percentages for T2 and T3 are calcu-
lated over the sexist subset of each language.

T1, 0.799 for T2, and 0.430 for multilabel T3
(computed independently per category), confirm-
ing that fine-grained sexism is the most ambigu-
ous setting. Tables 2–3 report the language and
category breakdowns. Majority voting is used to
derive the experimental labels.

The imbalance is strongest in T3: Stereotyp-
ing accounts for 42.8% of Spanish and 48.1% of
English sexist videos, whereas Misogyny NSV
accounts for only 3.2% and 1.5%. Ties are also
frequent in T3, illustrating that fine-grained cate-
gories are not mutually obvious even to humans.
Language differences must be interpreted care-
fully because subject nationalities and the num-
ber of valid judgments vary across sessions.

Agreement is substantial and almost identical
across languages for T1. T2 reaches the high-
est agreement, indicating that annotators can dis-
tinguish direct from judgmental content reliably
once sexism has been identified. T3 is markedly
more subjective: Objectification has the highest
overall category agreement, whereas rare Misog-
yny NSV has the lowest. These properties moti-
vate both class-weighted learning and the search
for complementary perceptual evidence.

3.2 Physiological Data Collection
Physiological data were collected from 10
gender-balanced subjects of different nation-
alities across 15 sessions. A resting baseline



Task All ES EN

T1 0.6898 0.6899 0.6896
T2 0.7990 0.8370 0.7325
T3 0.4297 0.4982 0.3049

Table 2: Inter-annotator agreement (Fleiss’ κ) for
Tasks 1–3.

Category All Spanish English

Ideological Inequality 0.4336 0.5628 0.2351
Stereotyping Dominance 0.4874 0.5641 0.3184
Objectification 0.5049 0.5355 0.4464
Sexual Violence 0.4736 0.5152 0.3970
Misogyny NSV 0.2487 0.3136 0.1276

Table 3: Inter-annotator agreement for Task 3
(Fleiss’ κ, multilabel). Agreement computed in-
dependently per category as a binary decision
among annotators who marked the item as sex-
ist in Task 1.

preceded the trials, and a 3-second neutral in-
terval reduced carry-over effects. Trials were
aligned to stimulus onset; because several sub-
jects could watch the same video, the model
treats their responses as a variable-length se-
quence. Data were collected with informed con-
sent and anonymized.

Subjects watched each complete video be-
fore responding. The resting baseline and fixed
inter-stimulus interval support trial segmentation
and band-power correction. The many-to-one
relation between subjects and videos is impor-
tant: rather than averaging away individual varia-
tion, the fusion model receives the available per-
subject observations as a sequence and learns
their relative relevance.

The following devices were used:

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

• Heart Rate: A Garmin Venu 3 watch continu-
ously recorded heart-rate signals.

• Electroencephalography: A 16-channel
OpenBCI Cyton headset recorded neural
activity at 250 Hz using the 10–20 system.

3.3 Physiological Feature Extraction

For ET, summary statistics over fixations, sac-
cades, blinks, and pupil dynamics captured vi-
sual exploration (Dalveren and Cagiltay, 2018;
Takemoto, Nakazawa, and Kumada, 2022). EEG
was converted to µV, band-pass filtered at 0.5–40
Hz, and baseline corrected. Welch PSD features
were integrated over Delta, Theta, Alpha, Beta,
and Gamma bands for 16 channels, then harmo-
nized using Box–Cox transformation, ComBat
(Fortin et al., 2018), Winsorization, and robust
z-scoring. HR summary statistics and Reaction
Time provided arousal and interpretative-effort
measures.

ET aggregates included mean, dispersion, ex-
trema, and counts for each event type, repre-
senting both viewing intensity and scan variabil-
ity. EEG time-domain statistics were combined
with band power from Delta (0.5–4 Hz), Theta
(4–8 Hz), Alpha (8–13 Hz), Beta (13–30 Hz),
and Gamma (30–40 Hz). Harmonization reduces
session- and subject-dependent scale shifts while
retaining condition-related variation. RT was
measured from video onset until the response to
proceed, and therefore combines viewing and de-
cision time as a coarse measure of interpretative
effort.

This process yielded a multimodal resource
linking video content to synchronized physiolog-
ical responses. To support reproducibility, the
preprocessing code for ET/HR/EEG, the exact
prompts used for the vision–language model, and
the random seeds used in all experiments are
publicly available.3

4 Physiological Correlates of Sexism
Perception

Our analysis (RQ1) revealed significant physio-
logical markers, showing that the human brain
and body respond differently to sexist content.

3https://github.com/ivanarcos02/

exist2026-human-centered-sexism-tiktok



4.1 Cognitive Load and Autonomic
Arousal

Table 4 shows a monotonic non-sexist → di-
rect → judgmental gradient in reaction time, fix-
ations, saccades, and blinks. This pattern is
consistent with increased cognitive load and vi-
sual search (De Rivecourt et al., 2008; Mar-
quart, Cabrall, and de Winter, 2015; Dalv-
eren and Cagiltay, 2018; Takemoto, Nakazawa,
and Kumada, 2022): judgmental content addi-
tionally requires inference of the author’s crit-
ical stance. Longer responses are consistent
with detection-response workload (van Winsum,
2018), while increased fixation and saccade ac-
tivity indicates higher workload and more de-
manding visual search (Dalveren and Cagiltay,
2018; Takemoto, Nakazawa, and Kumada, 2022;
Young and Hulleman, 2013; Marquart, Cabrall,
and de Winter, 2015; De Rivecourt et al., 2008).
HR also differed across conditions, indicating au-
tonomic modulation (Berntson et al., 1997; Kim
et al., 2018; Delliaux et al., 2019), while blink
duration was marginally shorter for sexist stimuli
(Benedetto et al., 2011; Marquart, Cabrall, and
de Winter, 2015).

4.2 Category-Specific and Neural
Signatures

Significant Task 1 differences were negative in
Delta, Theta, and Alpha over central/parietal
sites, consistent with event-related desynchro-
nization and increased engagement (Pfurtscheller
and Lopes da Silva, 1999; Foxe and Sny-
der, 2011; Cavanagh and Frank, 2014; Har-
mony, 2013). Task 2 differences were positive
in frontal/right-lateral Beta and Gamma, consis-
tent with stronger top-down contextual process-
ing (Engel and Fries, 2010; Spitzer and Haegens,
2017; Fries, 2015; Bastos et al., 2015). Sex-
ual Violence showed right-lateral negative differ-
ences, whereas Joy showed positive frontal dif-
ferences, in line with affective-processing evi-
dence (Codispoti, De Cesarei, and Ferrari, 2023;
Luther et al., 2023; Aftanas et al., 2001; Ahern
and Schwartz, 1985). These are scalp-level dis-
tributed patterns, not source-localization results.

For Task 1, the negative low-frequency dif-
ferences indicate lower band power for sexist
videos. Under the ERD/ERS framework this
should not be read as reduced processing: desyn-
chronization can reflect stronger recruitment of
task-relevant neural populations. The central/-
parietal distribution and Alpha modulation are
compatible with increased attentional allocation
and suppression of irrelevant information.

For Task 2, every significant difference was
positive and concentrated in frontal or right-
lateral Beta/Gamma sites. Judgmental con-
tent requires recognition of the depicted sex-
ism and inference that the speaker condemns it.
The observed higher-frequency synchronization
is therefore consistent with the additional top-
down maintenance and contextual disambigua-
tion required by this second-order judgment.

The Sexual Violence contrast showed neg-
ative differences at significant sites, especially
on the right, consistent with enhanced engage-
ment for aversive stimuli. In contrast, Joy pro-
duced positive frontal/fronto-lateral differences.
Together, these contrasts suggest that the EEG
features capture emotional salience more gener-
ally rather than merely a binary response to neg-
ative material.

Across tasks, low-frequency desynchroniza-
tion tracks engagement with sexist or aversive
content, whereas higher-frequency synchroniza-
tion distinguishes contextual and evaluative pro-
cessing. This complementary structure motivates
the band-resolved features used by the fusion ar-
chitecture.

4.3 Agreement Between Physiological
Subjects and External Annotators

Cohen’s κ between physiological-subject major-
ity labels and external EXIST labels was 0.619
for T1 and 0.817 for T2 (Table 5). Thus, the
signal-producing subjects were broadly aligned
with the official annotations rather than idiosyn-
cratic outliers.

5 Multimodal Fusion Model
Figure 2 shows the hierarchical fusion model.
Text remains the backbone, while physiology



Feature Non-Sex. Direct Judg. p

React. Time (s) 23.64±20.30 25.81±16.18 34.19±21.74 0.00000***
Fixation Count 58.13±37.09 62.53±34.10 74.86±49.61 0.00000***
Saccade Count 57.26±37.27 61.34±34.59 73.88±49.81 0.00000***
Blink Count 7.31±7.04 7.79±7.31 9.58±9.56 0.00000***
HR Std (bpm) 1.94±1.36 2.12±1.52 2.09±1.36 0.00011***
HR Mean (bpm) 66.92±10.76 66.36±9.99 67.47±11.37 0.04601*
Blink Dur. (ms) 252.59±34.37 249.94±33.83 250.59±33.14 0.05001

Table 4: Key physiological features across sexism levels (Mean ± SD). p-values from one-way ANOVA.

(a) T1: Sexist vs. Non-Sexist. (b) T2: Direct vs. Judgmental.

(c) T3: Sexual Violence vs. Rest. (d) Emotion: Joy vs. Rest.

Figure 1: EEG topographic maps of band-power differences across four representative contrasts. In each
subfigure, rows correspond to the two conditions and their difference, and columns correspond to Delta,
Theta, Alpha, Beta, and Gamma bands. Red indicates positive differences and blue indicates negative
differences; yellow stars mark statistically significant electrodes (p < 0.05).

reweights and enriches its representation. The
model accepts a variable-length, order-invariant
sequence of subject responses.

This asymmetric design prevents noisy sensor
observations from replacing the semantic repre-
sentation. Instead, physiology selects the textual
or visually grounded evidence most compatible
with each subject’s response. Because the num-
ber of available observations differs by video, all
aggregation operations are masked and invariant

to subject order.

Enriched Content Representation. Four
sampled frames are processed jointly by
Qwen3-VL-4B-Instruct, prompted to
return a 1–2 sentence visual summary and a brief
sexism analysis using only visible evidence.
This interpretable description is concatenated
with transcript/OCR text.

Generating a constrained description rather
than directly concatenating raw frame vectors



Figure 2: Architecture of the final hierarchical attention-based fusion model. It integrates enriched video
text (transcript/OCR + VLM-generated frame description) with sequences of physiological reactions
from several subjects (EEG and ET/HR). Cross-attention mechanisms allow the model to learn correla-
tions between specific textual tokens and physiological responses.

Task Lang. N Accuracy κ

T1
ALL 1927 0.815 0.619
EN 711 0.802 0.543
ES 1216 0.822 0.644

T2
ALL 988 0.917 0.817
EN 364 0.852 0.703
ES 624 0.955 0.886

Table 5: Agreement between GOLD_EXIST (ex-
ternal annotators) and GOLD_SUBJECT (physi-
ological subjects) for the EXIST 2026 TikTok
video training set. Cohen’s κ is computed on
videos with valid, non-tied labels from both an-
notation groups.

provides a common linguistic space for both lan-
guages and makes the visual contribution au-
ditable. The four frames capture the temporal
progression at modest computational cost, while
the prompt discourages unsupported inference
and enforces a predictable output format.

Text Encoder. XLM-RoBERTa encodes the
original and generated bilingual text jointly.

Physiological Fusion Core. EEG and ET/HR
vectors form subject sequences. In independent

multi-head cross-attention layers, physiology is
the Query and XLM-R tokens are the Key/-
Value, allowing each response to identify the
content that best explains it.

Using physiology as Query lets the percep-
tual trace “ask” which content tokens account
for it. EEG and ET/HR use separate projec-
tions because their dimensionalities and statisti-
cal properties differ. Their attended representa-
tions are aggregated only after modality-specific
cross-attention.

Prompt used for
Qwen3-VL-4B-Instruct

Analyze the multiple frames

using only visible evidence.

(1) Summarize the video in 1-2

sentences, including on-screen

text. (2) State briefly whether

sexist elements are present and

why. Return exactly:

Description: <1-2 sentences>

Sexism Analysis: <sexism or not

+ brief reason>

Classification Head and Training Strategy.
Text-aware physiological representations are



combined by a learned weighted sum, concate-
nated with XLM-R’s [CLS], and classified by
an MLP. Training first freezes XLM-R while
learning fusion layers, then fine-tunes the full
network with discriminative learning rates and a
class-weighted loss.

The frozen phase stabilizes the randomly ini-
tialized attention and classification components.
End-to-end fine-tuning then adapts the multilin-
gual encoder without overwhelming it with ini-
tially noisy gradients. Class weights are par-
ticularly important for the long-tailed T3 labels
shown in Table 1.

6 Results and Analysis

We use 10-fold cross-validation. Table 6 is
an incremental ablation over frames, EEG, and
ET/HR. The full model reaches AUCs of 0.790,
0.788, and 0.703 for T1–T3, improving over
Text+Frames by 3.9%, 6.5%, and 6.8%, re-
spectively. The larger T2/T3 gains indicate that
physiology helps both intent inference and low-
agreement fine-grained categorization.

Task 1 has the strongest content-only base-
line and consequently the smallest physiologi-
cal gain. Task 3 has the lowest inter-annotator
agreement (κ = 0.430); here physiology pro-
vides evidence where consensus labels are un-
certain. Task 2 differs: agreement is high (κ =

0.799), yet physiology yields a 6.5% gain be-
cause direct versus judgmental sexism requires
communicative-intent inference. The frontal Be-
ta/Gamma signatures in Section 4 are consistent
with this increased contextual demand. Thus,
physiology helps both where labels are ambigu-
ous and where content alone underspecifies the
intended meaning.

Welch tests comparing Full against
Text+Frames are significant for every task
(p < 0.001). Incremental additions of
EEG and ET/HR are also significant; only
Text→Text+Frames for T2 is not (p = 0.403),
supporting the interpretation that intention relies
more on contextual processing than on explicit
visual cues. Category-level F1 gains are largest
for Ideological Inequality, Objectification, and

Misogyny NSV, while rare Sexual Violence
results are less stable.

The incremental tests clarify where each
modality contributes. Frames produce large
T1 and T3 gains but virtually no T2 gain,
whereas EEG significantly improves all three
tasks. Adding ET/HR on top of EEG remains
significant, showing that ocular/autonomic fea-
tures are not redundant with neural activity. The
Full versus Text+Frames comparison is the cen-
tral test because it isolates the complete physi-
ological contribution from the enriched content
baseline.

At category level, Full raises Ideological In-
equality F1 from 0.645 to 0.705, Objectifica-
tion from 0.441 to 0.506, and Misogyny NSV
from 0.294 to 0.349. Stereotyping changes less
because it is frequent and already well repre-
sented by content. Sexual Violence is the ex-
ception: Text+Frames remains stronger, and the
small class size makes fold-level estimates un-
stable. These results caution against interpreting
the aggregate T3 improvement as uniform across
categories.

7 Discussion

Ocular, autonomic, and neural responses dif-
fer across sexism labels (RQ1), and their inte-
gration significantly improves all tasks (RQ2–
RQ3). The behavioral measures reveal a mono-
tonic cognitive-load gradient, while EEG sepa-
rates engagement-related low-frequency desyn-
chronization from the higher-frequency contex-
tual processing of judgmental sexism.

The pattern of model gains is informative.
Physiology helps T3 where labels are uncertain
and T2 where intent inference exceeds surface
content, while T1 gains are smaller because its
content baseline is stronger. Agreement with ex-
ternal annotators also indicates that the physio-
logical subjects broadly share the dataset’s in-
terpretation of sexism. Physiological evidence
should therefore be treated as complementary,
content-aligned supervision during development,
not as a replacement for annotation.

The alignment between physiological con-



Model T1 T2 T3

Text 0.705±0.013 0.735±0.012 0.596±0.016
Text + Frames 0.760±0.012 0.740±0.014 0.658±0.015
Text + Frames + EEG 0.776±0.011 0.772±0.011 0.679±0.014
Full (+ ET + HR) 0.790±0.011 0.788±0.011 0.703±0.013

Table 6: Multimodal model performance (AUC) across all tasks. Rows form an incremental ablation:
each adds one group of signals.

Comparison T1 T2 T3

Text → Text+Frames
∆=+ 0.055, t=9.83

p<0.001∗∗∗
∆=+ 0.005, t=0.86

p=0.403n.s.
∆=+ 0.062, t=8.94

p<0.001∗∗∗

Text+Frames → +EEG
∆=+ 0.016, t=3.11

p=0.006∗∗
∆=+ 0.032, t=5.68

p<0.001∗∗∗
∆=+ 0.021, t=3.24

p=0.005∗∗

+EEG → Full (+ET+HR)
∆=+ 0.014, t=2.85

p=0.011∗
∆=+ 0.016, t=3.25

p=0.004∗∗
∆=+ 0.024, t=3.97

p<0.001∗∗∗

Text+Frames → Full
∆=+ 0.030, t=5.83

p<0.001∗∗∗
∆=+ 0.048, t=8.53

p<0.001∗∗∗
∆=+ 0.045, t=7.17

p<0.001∗∗∗

Text → Full
∆=+ 0.085, t=15.78

p<0.001∗∗∗
∆=+ 0.053, t=10.30

p<0.001∗∗∗
∆=+ 0.107, t=16.41

p<0.001∗∗∗

Table 7: Statistical significance of AUC differences between model pairs (Welch’s two-sample t-test,
n = 10 folds). ∆ is the difference in mean AUC. ∗∗∗p<0.001, ∗∗p<0.01, ∗p<0.05, n.s. p≥0.05.

Category Text +Frames +EEG Full

Ideolog. Ineq. 0.603±0.017 0.645±0.017 0.664±0.015 0.705±0.014
Stereotyping 0.830±0.012 0.830±0.012 0.858±0.011 0.855±0.011
Objectif. 0.412±0.020 0.441±0.019 0.484±0.018 0.506±0.017
Sexual Viol. 0.299±0.022 0.345±0.020 0.296±0.021 0.321±0.020
Misogyny NSV 0.273±0.021 0.294±0.020 0.342±0.019 0.349±0.019

Table 8: F1-score for Task 3 categories (10-fold
cross-validation).

trasts and downstream gains strengthens this in-
terpretation. Judgmental clips elicit longer view-
ing and stronger frontal Beta/Gamma activity,
and T2 is precisely the task for which frames
alone do not help but physiology does. Likewise,
the ambiguity of T3 corresponds to larger im-
provements for categories whose content cues are
contextual rather than explicit. Although these
correspondences are not causal proof, they pro-
vide convergent behavioral, neural, and predic-
tive evidence.

The most plausible deployment trains with
physiological supervision but performs inference
on content alone. This allows the model to inter-
nalize perceptual cues without requiring sensors
or monitoring end users, and preserves a clear

separation between research signals and opera-
tional moderation.

8 Limitations

The study involves only 10 subjects across 15
sessions; many viewing instances do not elimi-
nate subject-specific effects. Laboratory viewing
may also differ from natural mobile consump-
tion. Majority voting discards informative dis-
agreement and produces a consensus label that
is not identical to each subject’s judgment. Al-
though subject/external agreement is high, phys-
iology is evidence about perception rather than
direct ground truth. EEG results are scalp-level
patterns, not source localization. Finally, the cur-
rent model omits audio. Larger, naturalistic, mul-
tilingual studies are therefore needed.

The fixed presentation protocol may also in-
troduce order or fatigue effects despite resting
baselines and neutral intervals. Harmonization
mitigates scale shifts but cannot remove every
session-specific confound. Moreover, a system
trained with sensitive physiological data requires



careful governance even if deployment uses con-
tent alone.

The majority-vote gold labels were produced
by external annotators who are different from the
subjects in the physiological recordings. Con-
sequently, the signals should not be interpreted
as direct ground truth for each subject’s personal
judgment, but as perceptual evidence generalized
to an external consensus. This mismatch between
subject-specific perception and dataset-level la-
bels remains an important limitation despite the
high agreement observed between both groups.

9 Conclusion and Future Work

This work validates a human-centered paradigm
for sexism detection in short social media videos.
The results indicate that physiological responses
to TikTok videos provide a rich and objective
signal of perception that complements content
analysis. By integrating EEG, ET, and HR with
enriched textual-visual representations generated
from video frames, our multimodal fusion model
achieves consistent gains over strong baselines
across binary detection, intention classification,
and fine-grained categorization.

Physiological supervision complements
textual-visual content for TikTok sexism detec-
tion. EEG, ET, and HR improve Text+Frames by
3.9%, 6.5%, and 6.8% for T1–T3. The phys-
iological contrasts also explain why judgmental
and emotionally salient content demands addi-
tional interpretation, providing an interpretable
link between human perception and model gains.

These gains show that physiological signals
are not merely auxiliary information, but a mean-
ingful source of complementary evidence in
cases where content alone remains ambiguous.
The physiological analysis also offers a more in-
terpretable perspective on why the task is hard.
Judgmental sexism requires more contextual dis-
ambiguation than direct sexism; sexual violence
triggers strong right-lateralized desynchroniza-
tion patterns; and emotionally salient content
such as joy yields robust positive oscillatory dif-
ferences. These findings reinforce the value
of incorporating human responses into computa-
tional models of harmful content.

Future work will model disagreement rather
than collapsing it through majority voting, align
reactions to specific video segments, incorporate
audio, and evaluate larger multilingual collec-
tions in more realistic moderation settings.

Modeling subjective disagreement is espe-
cially important in subtle and context-dependent
cases of sexism. Finer temporal alignment would
allow the model to identify not only whether
a video is difficult to interpret, but also which
moments trigger greater cognitive or emotional
responses. Audio is another central source of
meaning in TikTok videos and may provide cues
not captured by text or sampled frames.

10 Ethical Considerations
Subjects gave informed consent for anonymous
research use. The UPV Research Ethics Commit-
tee approved the study (P13_26-12-2025); stim-
uli came from EXIST, and demographic/physi-
ological data were anonymized. Physiological
measurements are sensitive data requiring con-
sent and strict access control. They are intended
for model development, not end-user profiling;
operational systems should rely on content-level
inference.

The physiological data were collected from
10 subjects of different nationalities. The result-
ing models and resources are intended only for
systems that prioritize transparency, user agency,
privacy protection, and robust appeal processes.
Physiological signals should be understood as a
research and model-development resource, not
as a mechanism for profiling end users in de-
ployment settings. Their collection, storage, and
reuse must remain governed by explicit con-
sent and strict access control, and any opera-
tional moderation system derived from this work
should avoid continuous monitoring of individu-
als.
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Doğruöz, editors, Proceedings of the Second
Workshop on NLP and Computational Social
Science, pages 7–16, Vancouver, Canada, Au-
gust. Association for Computational Linguis-
tics.

Kar, A., I. Pathak, S. Mukherjee, and S. Chatter-
jee. 2025. Decoding complexity and emo-
tion: A computational linguistic approach to
sentence comprehensibility and writer affect.
International Journal of Innovative Science
and Research Technology, pages 423–428,
07.

Khurana, V., Y. Kumar, N. Hollenstein, R. Ku-
mar, and B. Krishnamurthy. 2023. Synthesiz-
ing human gaze feedback for improved NLP
performance. In A. Vlachos and I. Augen-
stein, editors, Proceedings of the 17th Con-
ference of the European Chapter of the Asso-
ciation for Computational Linguistics, pages
1895–1908, Dubrovnik, Croatia, May. Asso-
ciation for Computational Linguistics.

Kim, H. W., E. J. Cheon, D. S. Bai, Y. H. Lee, and
B. M. Koo. 2018. Stress and heart rate vari-
ability: A meta-analysis and review of the lit-
erature. Psychiatry Investigation, 15(3):235–
245.

Kirk, H., W. Yin, B. Vidgen, and P. Röttger.
2023. SemEval-2023 task 10: Explainable
detection of online sexism. In A. K. Ojha,
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