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Abstract

Social perception, i.e., how people form impressions from
language, forms the basis for subjective NLP tasks like sex-
ism detection. Yet the mechanisms driving annotator dis-
agreement remain unexplained. We propose that Theory of
Mind (ToM) provides this mechanism: annotators perform
cognitive ToM (recognising norm-relevant content and in-
ferring speaker intent) and affective ToM (estimating tar-
get impact), producing disagreement when these inferences
diverge. Analysing the EXIST 2025 dataset (7,958 tweets,
4,044 memes), we find a detection-interpretation dissocia-
tion. Annotators who agree content is sexist show higher dis-
agreement about speaker intent and sexism type than about
detection itself. This gap replicates across tweets and memes
modalities. Perceiver gender does not affect detection for
text but does for memes (where even detection is ToM-
demanding), shows negligible effects on intent attribution,
and selectively shapes harm-related categorisation (misogyny
in text, objectification in memes) while leaving abstract cate-
gories unaffected. Gender structuring thus increases with af-
fective ToM demand. These patterns replicate established so-
cial psychology findings at computational scale and demon-
strate that social perception operates through dissociable ToM
processes that current NLP systems collapse.

Code — https://github.com/diana-nurbakova/ToM-on-
sexism-data

Datasets — https://nlp.uned.es/exist2025/

Introduction
Social perception, the process by which people form judg-
ments about speakers, targets, and social situations from lin-
guistic and visual cues, is central to NLP tasks such as sex-
ism detection, hate speech classification, and toxicity assess-
ment. Most NLP systems treat these socially grounded judg-
ments as fixed properties of text, collapsing the variability
of human perception into single gold-standard labels (Basile
et al. 2021).

The Learning with Disagreement (LeWiDi) paradigm
has shown that annotator disagreement in subjective social
tasks is pervasive and structured, not noise (Plank 2022;
Leonardelli et al. 2023; Rottger et al. 2022; Alacam et al.
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2025). The field lacks, however, an explanatory account.
Why do annotators disagree? Why do they disagree in sys-
tematic patterns?

We propose to use Theory of Mind (ToM), the capacity
to attribute mental states to others (Premack and Woodruff
1978), as the cognitive mechanism underlying social percep-
tion in language. Judging whether a text is sexist requires
attributing communicative intent to the speaker, estimating
impact on the target, and evaluating social norm violations.
These are ToM operations. Different perceivers bring differ-
ent priors to them, producing structured disagreement.

Using the EXIST 2025 sexism detection dataset (Plaza
et al. 2026), we provide three contributions: (1) a theoret-
ical framework mapping annotation tasks to specific ToM
component processes; (2) empirical evidence of a detection-
interpretation dissociation consistent with the cognitive-
affective ToM distinction; (3) cross-modal replication across
tweets and memes showing that perceiver gender selectively
shapes affective-ToM-dependent harm categories. All analy-
sis scripts and figures are available at our GitHub repository.

Theory of Mind as the Mechanism
of Social Perception

ToM Component Processes

Theory of Mind is the capacity to attribute mental states (be-
liefs, desires, intentions, emotions) to others and to under-
stand that these states may differ from one’s own (Premack
and Woodruff 1978). ToM is not a monolithic ability. It
comprises dissociable component processes: agent identifi-
cation, belief tracking, intent attribution, and affective state
inference (Schaafsma et al. 2015).

We distinguish cognitive ToM, i.e., inferring others’ be-
liefs and intentions, from affective ToM, i.e., inferring oth-
ers’ emotional states. The study by Shamay-Tsoory and
Aharon-Peretz (2007) suggests that cognitive ToM is a pre-
requisite for affective ToM. Affective ToM additionally re-
cruits empathic simulation (Shamay-Tsoory 2011), which
depends on the perceiver’s capacity to simulate the target’s
emotional experience and is modulated by experiential prox-
imity to the situation (Epley et al. 2004). We use the term
ToM demand (Apperly 2012) to characterise the complexity
of the mental state inferences a task requires.



Annotation as Implicit ToM
The EXIST 2025 annotation guidelines (Plaza et al. 2026)
operationalise a gradient of ToM demand across three tasks
(Figure 1) without explicitly stating it.

Task 1: Sexism identification. Annotators judge whether
a text “expresses sexist ideas because it is sexist itself, de-
scribes a sexist situation, or criticizes a sexist behavior.”
It is a binary classification problem with YES/NO labels.
This does not require judging that the speaker is sexist. It
requires recognising that the text engages with a gender
norm, whether by violating it (DIRECT), reporting a viola-
tion (REPORTED), or condemning one (JUDGEMENTAL).
Mind that identifying this second-level sexist category is the
goal of Task 2. We associate this with norm-relevance recog-
nition: a cognitive ToM operation at its lowest demand level,
identifying that the content concerns a social norm about
gender, regardless of the speaker’s stance toward it.

Task 2: Source intention. Annotators classify the
speaker’s communicative goal as DIRECT (intending sex-
ism), REPORTED (reporting sexism), or JUDGEMENTAL
(condemning sexism). These categories are mutually exclu-
sive. This is explicit intent attribution, a core cognitive ToM
operation. Distinguishing reporting from condemning re-
quires modelling layered communicative intentions, engag-
ing higher-order ToM (Perner and Wimmer 1985). Consider
the contrast. A DIRECT tweet like “A woman needs love, to
fill the fridge [. . . ] I don’t see what else she needs” wears
its intent on the surface. A JUDGEMENTAL tweet like “As
usual, the woman was the one quitting her job for the fam-
ily’s welfare. . . ” demands detecting sarcasm in “as usual”,
attributing a critical stance to the speaker, and recognising
an implicit claim about gendered expectations. For memes,
only two categories are used: DIRECT/JUDGEMENTAL.

Task 3: Sexism categorization. Annotators assign one
or more of five categories depending on the focus of sexist
attitudes: ideological-inequality, stereotyping-dominance,
objectification, sexual-violence, misogyny. These cate-
gories differ in ToM demand. Ideological-inequality and
stereotyping-dominance involve recognising abstract propo-
sitional content about gender (e.g., “women are inferior,”
“women belong in the home”): a cognitive ToM operation.
Objectification, sexual-violence, and misogyny involve esti-
mating harm directed at persons and bodies, which requires
simulating the target’s experience: an affective ToM opera-
tion (Shamay-Tsoory and Aharon-Peretz 2007).

The guidelines never ask annotators to match surface-
level lexical patterns. They ask them to infer intent, identify
the facets being the focus of sexist attitude, and integrate
both into a judgment. The annotation scheme assumes ToM.
We make this assumption explicit.

Predictions
Our study tests the following three predictions.

P1 (Dissociation): Disagreement should be substantially
higher at the interpretation level than at the detection
level, since interpretation requires more complex ToM
inferences. The cognitive-affective distinction predicts a

Tweet Text / Meme

Norm-Relevance Recognition
Does this engage a gender norm?

Lower
disagreement

Intent Attribution
What did the speaker mean?

Diverges
High disagreement

Focus Identification
What is the sexist attitude about?

Diverges
High disagreement

Perceiver Identity
Gender, experience, values

Level 1
Detection

Tasks 1.1 / 2.1

Level 2
Interpretation

Tasks 1.3 / 2.3Tasks 1.2 / 2.2

Cognitive ToM
(negligible gender
structuring)

Affective ToM
(strongest gender
structuring)

Figure 1: Two-level model of social perception as ToM.
Green = cognitive ToM (norm-relevance recognition, in-
tent attribution); red = affective ToM. Focus identification
(Task 3) receives a gradient fill because it engages both cog-
nitive ToM (recognising abstract propositions) and affective
ToM (identifying harm to persons). Both Level 2 operations
produce high disagreement, but only the affective compo-
nent is modulated by perceiver identity (dashed arrow).

gap between levels, not that detection will show no dis-
agreement. It. A noise account predicts correlated dis-
agreement. The ToM account predicts a dissociation.

P2 (Perceiver modulation): Gender should affect percep-
tion at the level where affective ToM is engaged, i.e.,
where experiential proximity matters. For text, where de-
tection cues are largely verbal and explicit, this means
gender should shape interpretation more than detection.
For multimodal content, where even detection requires
interpreting visual irony and implicit framing, gender ef-
fects may emerge earlier (Swim and Cohen 1997).

P3 (Selective categories): The gender effect should con-
centrate on categories that require estimating bodily or
emotional harm to the target (sexual violence, misog-
yny, objectification), i.e., categories that engage empathic
simulation. Categories involving abstract propositional
content (ideological inequality, stereotyping) should
show no gender effect, consistent with the cognitive-
affective dissociation (Shamay-Tsoory and Aharon-
Peretz 2007).

Experiments
Data
We analyse the EXIST 2025 dataset (Plaza et al. 2026), a
third-party annotated resource (we did not perform any an-
notation ourselves): 7,958 tweets (EN: 3,749; ES: 4,209) and
4,044 memes (EN: 2,010; ES: 2,034). The dataset contains
two modalities (tweets, memes), each annotated along three
subtasks: sexism identification, source intention, and cat-
egorisation. EXIST numbers tweet subtasks as 1.1/1.2/1.3
and meme subtasks as 2.1/2.2/2.3; the definitions are oth-
erwise identical across modalities. Each instance is anno-
tated by 6 annotators (3 female, 3 male) sampled from a pool
of 887 unique annotators recruited via Prolific; the specific
6 vary across instances. Annotator demographic metadata
(gender, age, education, country) is available. Source inten-
tion is ternary for tweets (DIRECT/REPORTED/JUDGE-
MENTAL) and binary for memes (DIRECT/JUDGEMEN-
TAL). Categorisation is a 5-class multi-label task for both



modalities. We measure disagreement using Shannon en-
tropy for binary and categorical distributions, and mean pair-
wise Jaccard similarity for multi-label categorisation.

Detection–Interpretation Dissociation (P1)
Disagreement on detection is pervasive. It occurs in 67.1%
of tweets and 76.3% of memes. Detection is not easy. This
is expected: the EXIST detection task is deliberately broad,
encompassing content that perpetrates, reports, or condemns
sexism. High disagreement on such a task is the phe-
nomenon the LeWiDi paradigm (Basile et al. 2021; Rottger
et al. 2022) treats as signal rather than noise. But the critical
finding is that interpretation-level disagreement is far higher
still. Among 3,152 tweets where the majority labels the con-
tent as sexist, intent attribution entropy reaches 0.876, where
1.0 is the ternary maximum. Categorisation shows low over-
lap: mean Jaccard = 0.382. The pattern replicates for memes
(n = 2,038 majority-YES): intent entropy = 0.701 (high for a
binary distribution), Jaccard = 0.418 (Table 1). The key find-
ing is the gap: the same annotators who disagree on 67% of
detection judgments show near-total disagreement on what
the speaker intended and what kind of sexism it is.

Consider the following example. For the tweet “this is
the same little boy who has said ‘when we get married, I’m
going to slap the shit out of you — fucking stupid bitch’ ”,
all six annotators agree the content is sexist. Yet they as-
sign the full spectrum of intents: two say JUDGEMEN-
TAL (the speaker is condemning the boy’s behaviour), two
say REPORTED (the speaker is documenting it), and two
say DIRECT (the speaker is endorsing it). The intent en-
tropy is maximal: the three categories are equally repre-
sented. On categorisation, each annotator selects a different
subset (Jaccard = 0.189): one assigns MISOGYNY alone,
another STEREOTYPING + OBJECTIFICATION, another
SEXUAL-VIOLENCE alone. Is this a report of domestic vi-
olence socialisation, a condemnation, or an endorsement?
Each reading requires a different model of speaker intent.
Same text, same detection, radically different inference.

A noise account predicts correlated disagreement across
levels: if labels were random, both detection and interpreta-
tion should show similar entropy. A guideline-ambiguity ac-
count predicts disagreement where guidelines are vague, but
the binary detection task has the simplest guidelines and still
shows 67% disagreement. The ToM account predicts this
specific pattern: low-demand norm-relevance recognition
produces lower disagreement than high-demand intent attri-
bution and focus identification. Note that the interpretation-
level metrics are computed among majority-YES instances,
i.e., cases where annotators already partially agreed on de-
tection. Conditioning on partial agreement should, if any-
thing, select for more “obvious” sexist instances where inter-
pretation might also be easier. That this subsample nonethe-
less shows interpretation disagreement approaching the the-
oretical ceiling. This strengthens the dissociation finding.

Gender Selectively Shapes Perception (P2 & P3)
Detection level. For tweets, female and male annotators
show no significant difference in detection rates (F: 0.450,

Figure 2: Gender shapes categorisation selectively. Left:
tweets; right: memes. Significance markers use Holm-
corrected p-values († padj < .10; ∗∗ padj < .01; ∗ ∗ ∗ padj <
.001). Gender differences appear only for affective-ToM cat-
egories, never for cognitive-ToM categories.

M: 0.461; Wilcoxon p = 0.142, r = −0.026). Of 960 per-
fect 3-3 splits, only 10.1% align along gender lines. At the
detection level, disagreement is not driven by gender group
membership. Mind that other demographic and ideological
factors, which we did not test, may still structure it.

For memes, women detect significantly more sexism (F:
0.586, M: 0.528; p < 10−24, r = 0.24). The effect is small
(5.8 percentage points) despite the extreme p-value, which
reflects the large sample. This is consistent with P2’s predic-
tion that gender effects emerge where affective ToM is en-
gaged. Memes encode sexism through visual framing, irony,
and text-image incongruity. Even detecting sexism in this
format requires interpretive work that pushes ToM demand
higher than for text. Social psychology research confirms
that overt sexism produces uniform recognition while subtle
or visual sexism produces gender-differentiated responses
(Swim and Cohen 1997; Becker and Swim 2011).

Intent level. For tweets, a small gender asymmetry
emerges in intent attribution: women assign DIRECT (in-
tending sexism) slightly more often, while men favour
JUDGEMENTAL (condemning sexism) (h = 0.048, padj =
0.001; Table 1). REPORTED shows no gender difference.
For memes, no gender effect on intent reaches significance.
The intent effect sizes (|h| < 0.05) are smaller than even
the weakest surviving categorisation effect (h = 0.045 for
misogyny), suggesting that gender structuring increases with
affective ToM demand rather than appearing as a sharp bi-
nary at the cognitive-affective boundary.

Categorisation level. Gender selectively shapes harm-
related categories while leaving cognitive categories unaf-
fected (Table 1; Figure 2). All per-category tests are cor-
rected for multiple comparisons using the Holm-Bonferroni
procedure within each modality. For tweets, only misogyny
survives correction (padj = 0.005, h = 0.045, OR = 1.11).
Sexual violence and objectification show trends in the same
direction but do not reach significance after correction. For
memes, only objectification survives (padj < 10−8, h = 0.10,
OR = 1.24). In both modalities, ideological-inequality and
stereotyping-dominance show no gender effect.

This selectivity confirms the cognitive-affective split de-
scribed in Section : the only two categories surviving cor-



Measure Tweets Memes

N instances 7,958 4,044
Any disagreement 67.1% 76.3%

Among majority-YES instances:
N majority-YES 3,152 2,038
Detect. entropy 0.538 0.555
Intent entropy 0.876 0.701
Categ. Jaccard 0.382 0.418

Gender effect on detection:
p-value (r) 0.142 (−0.03) <0.001 (0.24)

Gender on intent (p / padj, h):
Direct .008 / .015 (.04) .14 / .29 (n.s.)
Reported .57 / .57 (n.s.) —
Judgemental <.001 / .001 (.05) .14 / .29 (n.s.)

Gender on categ. (p / padj, h):
Ideological-ineq. .42 / .42 (n.s.) .60 / .60 (n.s.)
Stereotyp.-domin. .11 / .23 (n.s.) .12 / .27 (n.s.)
Objectification .053 / .16 (n.s.) <.001 / <.001 (.10)
Sexual violence .016 / .064 (n.s.) .091 / .27 (n.s.)
Misogyny .001 / .005 (.045) .062 / .25 (n.s.)

Table 1: Cross-modal comparison. Intent and categorisation
rows report raw p / Holm-corrected padj; bold = p < .05; h
= Cohen’s h. Gender effects on intent are negligible.

rection across either modality are both affective-ToM cat-
egories, while neither cognitive-ToM category approaches
significance. Although the individual effect sizes are small
(h < 0.11), the pattern is consistent. Women are dispro-
portionate targets of misogyny and visual objectification
(Fredrickson and Roberts 1997; Swim et al. 2001). Their
experiential proximity to these forms of harm produces
different impact estimations through empathic simulation
(Shamay-Tsoory and Aharon-Peretz 2007).

We note the modality-specific pattern. In text, where harm
is described verbally, the surviving gender effect is misog-
yny. In memes, where harm operates through visual compo-
sition and the objectifying gaze (Mulvey 1975; Fredrickson
and Roberts 1997), it is objectification. The mechanism is
the same (affective ToM modulated by experiential proxim-
ity) but it expresses through each medium’s affordances.

One meme example illustrates the gender split on cate-
gorisation (see Figure 3 in Appendix A). The meme reads:
“*Female character breathes* *Rule 34 artists* HUMAN
ORGAN I CAN MAKE THIS WORK.” Rule 34 is an in-
ternet norm that any fictional character will be sexualised.
The meme satirizes this by reducing a female character to
body parts. All three female annotators assigned OBJECTI-
FICATION, while no male annotator who detected sexism
did. This asymmetry is consistent with women’s experien-
tial proximity to sexual objectification activating a different
affective ToM inference about target impact.

Discussion
A Two-Level Model. Our findings support a two-level
model of social perception. Level 1 (detection) engages
norm-relevance recognition; disagreement is already sub-

stantial (67% of tweets, 76% of memes), with gender effects
absent for text but present (though small, r = 0.24) for multi-
modal content. Level 2 (interpretation) engages intent attri-
bution and focus identification. Both produce high disagree-
ment, but gender structures them differently. Intent attribu-
tion shows negligible gender effects (|h| < 0.05). Harm cat-
egorisation shows larger effects (h up to 0.10), modulated by
experiential proximity through empathic simulation. Gen-
der structuring thus increases with affective ToM demand:
absent or negligible for cognitive operations, present for af-
fective ones. Current NLP systems often collapse perceiver
variation into single labels.

Bridging Social Psychology and NLP. Our computa-
tional findings replicate patterns from controlled psychol-
ogy experiments at scale. Glick and Fiske’s (1996) ambiva-
lent sexism framework predicts that overt sexism produces
convergent perception while subtle forms produce divergent
responses; we find a parallel in the detection-interpretation
gap. Diary studies show that women and men encounter sim-
ilar numbers of sexist incidents but women rate them as
more sexist (Swim et al. 2001). We observe a related asym-
metry at the detection-categorisation boundary. Value-based
standards for judging sexism (Swim et al. 2005) predict
that perceivers use their own experiential standards, con-
sistent with our finding that gender selectively shapes harm
categories. Objectification theory (Fredrickson and Roberts
1997) predicts heightened female sensitivity to visual objec-
tification; the meme objectification effect (padj < 10−8, h
= 0.10) confirms this at scale, albeit with a small effect size
characteristic of data.

Implications for NLP. The LeWiDi paradigm correctly
preserves disagreement. Our analysis explains why it occurs.
First, annotation protocols should capture not just labels
but reasoning: what intent did the annotator attribute? What
impact did they estimate? Separating these components
would make the ToM structure of disagreement explicit
and enable perceiver-aware modelling. Second, perceiver-
aware approaches that condition on annotator identity (e.g.,
Pastells et al. 2025) should condition selectively: perceiver
identity matters most for affective-ToM-dependent judg-
ments and negligibly for cognitive ones. Third, soft metrics
like the Information Contrast Model (Amigo and Delgado
2022) capture disagreement distributions but do not explain
their structure. ToM-informed evaluation could distinguish
perception-driven disagreement from noise.

Conclusion
Social perception is not a fixed property of text but a ToM-
mediated inference at dissociable levels. When annotators
agree a text is sexist but disagree about intent and focus,
they reveal a gap between detection and interpretation that
grows as ToM demand increases. Perceiver identity selec-
tively shapes the affective layer: gender structuring is negli-
gible for cognitive operations (detection, intent attribution,
abstract categories) and strongest for affective operations
(harm categorisation). Making the ToM structure of annota-
tion explicit opens new directions for perceiver-aware NLP.



Limitations
We study a single task domain (sexism). Generalisation to
other social perception tasks remains to be tested. We cannot
fully rule out guideline ambiguity, though the selective gen-
der effect on specific categories is not predicted by guide-
line accounts. Part of the interpretation-level disagreement
may also reflect genuinely ambiguous class boundaries in
the EXIST annotation scheme rather than divergent ToM
inferences. Thus, disentangling task complexity from ToM
demand is a direction for future work. Our mapping of cat-
egories to cognitive vs. affective ToM is necessarily coarse:
cognitive ToM likely contributes to impact estimation as
well (understanding the target’s situation is a prerequisite
for simulating their experience), but we argue the additional
affective component is what produces gender-structured dis-
agreement. Our analysis is observational: we infer ToM from
annotation patterns rather than measuring cognitive pro-
cesses directly. Our Fisher’s exact tests treat each annotation
as independent, but the same annotators appear across mul-
tiple instances, which inflates significance for category-level
tests; multilevel models would be more appropriate for a full
analysis. Gender is treated as binary, and annotator pools
skew toward specific countries. The tweet and meme anno-
tator pools overlap substantially (Jaccard = 0.91; matched
on gender, age, and education), so cross-modal differences
are unlikely to reflect population confounds, though mod-
est differences in country composition exist (Cramér’s V
= 0.25). All observed gender effects on categorisation are
small (h < 0.11). The pattern’s theoretical significance lies
in its selectivity rather than its magnitude.
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Appendix A. Meme Example

Figure 3: Meme example. All three female annotators clas-
sified it as Objectification, while no male annotator did.


