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Abstract
This paper introduces MAMITA, a novel Italian multimodal benchmark dataset developed for the automatic detection of
misogynistic content in online media, with a specific focus on memes. The dataset comprises 1880 memes sourced from
popular social platforms—Facebook, Twitter, Instagram, Reddit—and meme-centric websites, selected using misogyny-related
keywords covering a wide range of manifestations including body shaming, stereotyping, objectification, and violence.
A key feature of this benchmark is its dual annotation strategy: all memes were independently labeled by both domain
experts and a pool of 232 crowd annotators. This approach resulted in two parallel sets of annotations that reflect differing
labeling perspectives. For each meme, labels include a binary classification (misogynistic or not), the type of misogyny, and
its intensity. Beyond categorical labels, the dataset incorporates perspectivist metadata, capturing individual annotators’
perceptions of misogyny along with their demographic and socio-cultural background, including age, level of education, and
social status. Each meme’s textual content was also automatically transcribed to enable multimodal analysis. This enriched
benchmark enables nuanced research on the automatic detection of misogynistic content in online social media and supports
investigations into how perceived misogyny varies across annotator profiles, allowing us to address the urgent challenge
related to the diffusion of hateful content against women.
Warning: this paper includes examples that may be offensive or harmful.
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1. Introduction
In recent years, the proliferation of user-generated con-
tent on social media has intensified the creation of hateful
content against women not only using textual messages
that can implicitly or explicitly contain harmful content,
but also from a multimodal perspective1. Among the di-
verse forms of online expression, memes have emerged
as viral communication tools, which can subtly convey
harmful ideologies thanks to their combination of vi-
sual and textual elements. This kind of digital violence
can be an extension or a precursor to physical violence,
stalking and harassment, but it can also be a way to pun-
ish, abuse or silence women, increasing the isolation of
victims (Council of Europe, 2021) [2]. Through the com-
bination of apparently innocuous images coupled with
harmless superimposed text, misogynous memes can be
easily created and spread, normalizing and trivializing
detrimental stereotypes, objectification, and marginal-
ization of women. Their viral nature, usually due to the
ironic message behind, contributes to their rapid spread
across several media platforms, also fueling those com-
munities that reinforce misogynistic ideologies.
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raphic-and-recommendations-en.pdf

Despite growing societal awareness and policy efforts
aimed at addressing such an issue, the automatic detec-
tion of multimodal misogynistic content remains a signif-
icant challenge. A major limitation in the development of
robust misogyny detection systems is the scarcity of high-
quality, multimodal datasets that reflect the nuanced and
subjective nature of such content. Misogyny can mani-
fest in explicit or implicit forms, often relying on cultural
references, irony, or layered symbolism.

The identification of this kind of abusive content is of
paramount importance not only for protecting women
and guaranteeing safe online environments, but also for
eventually generating counter-narratives 2.

In this paper, we provide three main contributions:

1. MAMITA (Multimedia Automatic Misogyny
Identification in iTAlian), a novel Italian bench-
mark focused on misogynistic content in memes,
which covers diverse forms of gender-based hate
such as body shaming, objectification, stereotype,
and violence.

2. Dual annotation strategy involving both do-
main experts and crowd annotators, enabling
comparative analysis of labeling perspectives and
improving the robustness of misogyny detection.

3. Perspectivist annotation, capturing for each
annotator perceived misogyny along with demo-
graphic and socio-cultural background such as
age, education, and social status, to support re-

2https://rm.coe.int/study-on-effectiveness-risks-and-potentials-o
f-using-counter-and-alter/1680b40775
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Figure 1: Examples of misogynous memes.

search on disagreement in hate speech perception
and detection.

The paper is organized as follows. In Section 2, related
works are presented. In Section 3, the proposed bench-
mark is described, detailing the two types of annotations,
i.e., experts and crowd. In Section 4, insights from human
and multimodal models are reported. Finally, in Section
5, conclusions are outlined.

2. Related Work
The automatic detection of hate speech, and misogyny
in particular, has received growing attention in Natural
Language Processing (NLP). Early efforts have primar-
ily focused on text-based misogyny detection [3], using
datasets sourced from Twitter and Reddit. For instance,
regarding the multilingual settings, several benchmark
datasets have been proposed in the literature to cover
multiple languages. A few representative benchmarks
are denoted by HATEVAL [4] focused on English and
Spanish, BAJER [5] for the Danish language, BIASLY [6]
focused on movie subtitles and colloquial expressions in
North American film, ArMIS [7] for the Arabic language,
and EXIST [8, 9] for dealing with English and Spanish
sexist expressions.

Regarding the Italian language, we can summarize
two main benchmarking text-related initiatives, i.e., AMI
[10, 11, 12] and PejorativITy [13]. AMI (Automatic
Misogyny Identification) represents a set of benchmark
datasets that, starting from the initial challenge at Evalita
2018, have led to three main annotated corpora, i.e.,
AMI@Evalita 2018, AMI@Evalita 2020, and AMI-PRF.
The AMI@Evalita 2018 dataset introduced in [10] pro-
vided one of the first benchmarks for detecting misog-
ynistic language on social media in English and Italian
tweets. Its extension presented at the AMI@Evalita 2020
[11] denotes an extension of the former benchmark to

also capture aggressiveness. Lastly, AMI-PRF [12] is the
most recent dataset of tweets annotated for both misog-
yny and professional categories. A further contribution
is represented by PejorativITy [13], an Italian tweet cor-
pus annotated at word level for pejorativity, and at the
sentence level for misogyny.

While these efforts advanced text-based detection, they
did not address the complexity of multimodal content
such as memes, which often rely on implicit visual cues,
humor, and cultural references to communicate harm-
ful messages. Among the general hateful meme bench-
marks, we can highlight four main initiatives focused on
the English language, i.e., Facebook Hateful Memes [14],
Memotion2 [15], Harmful Memes[16], MultiOFF [17],
and Intervening Cyberbullying in Multimodal Memes
(ICMM) [18]. However, these benchmarks do not capture
the specificity of misogyny, which often relies on gen-
der norms, implicit bias, and culturally coded references
that differ significantly from general offensive content or
other forms of targeted hate (e.g., against immigrants or
people with disabilities). Only a few benchmarks have
been proposed to deal with the peculiarity of hate against
women in a multimodal settings, i.e., MAMI [19] for the
English language, MIMIC [20] for Hindi, EXIST [21, 22]
for English and Spanish, and Dravidian corpus [23] fo-
cused on the Tamil and Malayalam languages.

Although all the previous initiatives represents a
fundamental step towards the identification of hateful
meme against women, to the best of our knowledge
no benchmark dataset has been developed to specifi-
cally address misogynistic content in the Italian lan-
guage, resulting in a remarkable gap in the resources
available for the systematic investigation of this phe-
nomenon within the Italian contexts. To this purpose, we
propose MAMITA (Multimedia Automatic Misogyny
Identification in iTAlian), a novel benchmark dataset for
the Italian language that focuses on misogynous memes,



composed of a wide range of multimodal expressions de-
noting body shaming, objectification, stereotyping, and
violence. The dataset is developed using a dual anno-
tation strategy that combines input from both domain
experts and crowd annotators, enabling robust analysis
of labeling perspectives.

3. MAMITA
The meme collection was primarily carried out using
visual search engines such as Google Images and Pin-
terest, based on the keywords reported in Table 1. All
the keywords have been defined to try to capture four
main categories related to misogynous contents, i.e., body
shaming, objectification, stereotyping, and violence. The
websites considered are typically dedicated to meme shar-
ing (e.g., me.me and memedroid.com), as well as Insta-
gram accounts focused on themes related to femininity
(e.g., alpha woman and scaricatricidiporto). Additional
content was sourced from Facebook groups intention-
ally created for the dissemination of misogynistic memes
(e.g., facciaabuco, ignoranza soffocotti pecorina, and Io sono
vaginatariano). The initial dataset consisted of approxi-
mately 2,000 memes. Pornographic content, low-quality
images, and items that could not be clearly categorized
as memes were subsequently removed. Memes were
also normalized to a maximum resolution of 640×640
pixels, preserving their aspect ratio. The final dataset
comprises 1880 memes, with the textual content tran-
scribed using Optical Character Recognition (OCR) tools
(https://www.onlineocr.net/). Examples of misogynous
memes available in the MAMITA dataset are reported
in Figure 1. The dataset has been subsequently labeled
by two distinct groups, i.e., expert and crowd annotators.
The full dataset can be accessed by filling in the form
https://forms.gle/5Xz1gcxJdrh6GHnq5.

3.1. Expert Annotation
For what regards the annotation process performed by
the experts, we involved two male and three female
annotators. In order to label each meme, they adopted
the definitions originally provided in [19], opportunely
adapted for covering the multimodal scenario. Each
meme was reviewed by one male and two female ex-
perts. Each expert involved in the evaluation process
analyzed the memes, classifying them as either misogy-
nistic or non-misogynistic. In cases where a meme was
perceived as misogynistic, evaluators were also asked to
specify the type of misogyny, selecting among violence,
body shaming, stereotyping, and objectification. In cases
of uncertainty about the categorization, evaluators were
allowed to select multiple types of misogyny.

The annotation process performed by the experts has

led to a full agreement in 81.43% of the memes, where in
70.86% of such cases the memes were labeled by the three
annotators as misogynous. We computed Fleiss’ Kappa
statistics [24] to assess the level of agreement among
the experts. The resulting score was 0.749, indicating a
substantial inter-annotator reliability in the perception
of memes. This value suggests a strong consistency in
the evaluators’ judgments, particularly in distinguishing
between misogynistic and non-misogynistic content.

The annotations given by the experts have also been
aggregated following a majority voting strategy to as-
sign a final golden label about misogyny. The dataset
labeled by the experts finally consists of 57.71% of misog-
ynous and 42.29% of not misogynous memes. Regarding
the category of misogyny, since multiple overlapping
annotations were possible, the final dataset evaluated by
the expert contains - among those memes considered as
misogynous by the majority of the experts - 76.12% of the
memes labeled as Objectification, 48.29% as Stereotype,
20.18% as Violence and 8.84% as Body Shaming by at
least one annotator. Considering that multiple labels are
allowed for the type of misogyny, the dataset is provided
with soft labels denoting a probability distribution for
each category.

3.2. Crowd Annotation
For what concerns the annotation process performed by
the crowd, we prepared a proper Google Form and we en-
gaged trusted voluntary annotators (from 4 to 10 labelers
for each meme). The total number of volunteers involved
is 231 (116 male, 110 female, and 5 non-responders). The
most frequent age is between 25-34 years old, i.e., about
41% of the annotators. The native language is Italian for
the 99% of the participants, while the remaining three
annotators speak Italian fluently. The dataset was di-
vided into groups of 40 memes each, balanced in terms
of classification (20 misogynistic, 20 non-misogynistic)
according to the experts’ preliminary evaluations, to be
subsequently evaluated by the engaged crowd annotators.
The choice of presenting a limited number of memes is
due to the fact that sensory habituation cause people to
reduce their response to repeated or continuous stimuli
over time [25].

Each meme was independently reviewed by a varying
number of labelers. Each annotator labeled the memes
as either misogynistic or non-misogynistic and, when
applicable, selected the primary Category of misogyny
that they perceived most together with the Intensity of
figured out misogyny. Moreover, in order to provide a
benchmark that is characterized by perspectivist infor-
mation, we acquired a few variables to characterize the
annotators. In particular, participants were required to
provide a few information about themselves. Specifically,
the following specific details have been required:

https://forms.gle/5Xz1gcxJdrh6GHnq5


bitch (stronza) fat (grassa) milf (milf)
blondes (bionde) female (femmina) misogynist (misogino)
call girl (escort) feminism (femminismo) misogyny (misoginia)
cheap (squallida) feminist (femminista) nazifeminist (nazifemminista)
cheat (tradire / imbrogliare) fuck (fottiti / scopare) pregnancy (gravidanza)
clean (pulire) girl (ragazza) promiscuous (promiscua)
cleaning (pulizia) girlfriend (fidanzata) prostitute (prostituta)
cold (fredda) girl power (potere femminile) rape (stupro)
complicated (complicata) girls (ragazze) sandwich (panino)
cooking (cucinare) gold digger (arrampicatrice sociale) sex (sesso)
cougar (cugar) harsch (dura / severa) sexism (sessismo)
couple (coppia) hooker (prostituta) sexist (sessista)
crazy (pazza) hore (puttana) slut (zoccola)
cunt (cagna) house (casa) stupid (stupida)
dirty (sporca) housewife (casalinga) tits (tette)
dishwasher (lavastoviglie) inferior (inferiore) trixie (ragazza superficiale)
driving (guida) kitchen (cucina) unstable (instabile)
dumb (stupida) lazy (pigra) wife (moglie)
equal rights (pari diritti) marriage (matrimonio) witch (strega)
escort (escort) Mars & Venus (Marte e Venere) woman (donna)

Table 1
List of keywords used to collect the MAMITA benchmark dataset.

(1) Socio-Demographic Characteristics:

• Gender: male, female, not specified
• Age: 18-24, 25-34, 35-44, 45-54, 55-64, more than

65 years old
• Nationality: legal status of a person based on

their country of citizenship
• Native language: language connection to family

and cultural identity
• Education level: Primary school, Middle school,

High school, Bachelor’s degree, Master’s degree,
Postgraduate Specialization, or PhD.

• Employment Status: Student, Working Student,
Worker, Unemployed, Retired, or Other.

(2) Individual Beliefs:

• Subjective Social Status (SSS): we introduced a
variable that has the goal to measure an individ-
ual’s perception of his/her social position com-
pared to others. To this purpose, we adopted the
MacArthur scale introduced in [26]. Participants
are asked to place themselves on a graduated scale
consisting of ten steps, ranging from the highest
to the lowest socioeconomic status. At the top
of the scale (10) are individuals with the high-
est levels of income, education, and occupational
prestige. At the bottom of the scale (1) are those
with the lowest income, minimal education, and
the least respected jobs, or who may be unem-
ployed. This self-placement invites participants
to express a subjective evaluation of their social

position with respect to other members of the
society

• Political Orientation: participants were invited
to express their political orientation on a 7-point
Likert scale, where 1 indicates Far Left and 7 Far
Right

• Religious Orientation: Catholic, Protestant, Or-
thodox, Muslim, Jewish, Hindu, Buddhist, Atheist,
Agnostic, Other

• Sensitivity towards misogyny: participants
were invited to express their sensitivity towards
misogynous content using a 7-point Likert scale,
where 1 denotes Not at all sensitive and 7 Ex-
tremely sensitive.

(3) Meme awareness:

• Familiarity with memes: Yes/No response to
whether they know what memes are

• Frequency of meme visualization: how of-
ten the participant encounters memes, using a
7-point Likert scale ranging from Never to Very
Often

• Primary source of meme stimuli: social media,
messaging apps, websites and forums, other.

Since the number of annotators varies for each meme,
they have been finally labeled as misogynous if at
least 50% of the annotators provided the misogynous
label. Based on the crowd annotations, the resulting
dataset consists of 58.82% misogynous and 41.17% non-
misogynous memes. The annotation process led to full



agreement for 43.14% of the memes. If we focus on each
class, 37.97% of the misogynous memes and 50.45% of the
not misogynous ones show a full agreement, denoting (as
expected) a higher disagreement on misogynous content.
To evaluate the overall level of agreement, we also com-
puted Krippendorff’s Alpha statistic [27], which yielded
a score of 0.43. While the percentage of full agreement
suggests some level of consistency, the Krippendorff’s
Alpha value indicates that a substantial portion of the
agreement may be attributable to chance, highlighting
extremely subjective interpretation of what can be con-
sidered as misogynous. As for the specific categories of
misogyny, the dataset includes 70.97% of misogynous
memes labeled as objectification, 55.87% as stereotype,
30.47% as violence, and 22.47% as body shaming by at
least one annotator. Also in this case the dataset is pro-
vided with soft labels denoting a probability distribution
for each category derived through the crowd annotation
process.

4. Insights from MAMITA
In this section, we present a twofold analysis of the
MAMITA dataset. First, we investigate how socio-
demographic and cognitive characteristics of human an-
notators—such as gender, age, and Subjective Social Sta-
tus—influence the perception and labeling of misogynis-
tic content. Then, we evaluate the performance of multi-
modal baseline models, specifically mCLIP and mBLIP,
in detecting misogyny and disagreement in memes, pro-
viding a comparative perspective between human sub-
jectivity and machine predictions.

4.1. Human Perspectives
To better understand how individual differences influence
the perception of misogynistic content, we formulated
three research questions.

[Q1] Does the perceived intensity of misogyny sig-
nificantly differ between male and female annota-
tors? The aim is to determine whether the observed
differences in the perception of misogyny intensity be-
tween men and women are statistically significant or
could be due to chance. To this purpose, the Welch t-test
has been adopted, which does not assume the same vari-
ance between the two populations. In this specific case,
the null hypothesis is that the two means of the perceived
intensity are equal and that any observed difference in
the data can be attributed to random error or natural
sample variation, rather than to a real effect.

The Welch t-test is -13.98, where the negative sign
indicates the direction of the difference since the mean
of women is higher than that of men (5.07 vs. 4.29) and

the absolute value indicates how large the difference is in
terms of standard deviation, i.e., the larger the absolute
value, the more statistically significant the difference.
In this case, the p-value, which indicates the likelihood
that this difference occurred by chance, is extremely low
(2.14 × 10−43). The results show a highly significant
difference in the perception of intensity between men
and women, suggesting that the probability of observing
such a difference by chance is asymptotic to zero.

[Q2] Do statistically significant differences exist
among age groups to identify misogynistic content?
The core idea is to assess whether the probability of judg-
ing content as misogynistic depends on the annotator’s
age group. For this purpose, we estimated both a Chi-
Squared statistic and a Binary Logistic Regression, which
verifies if there exists a relationship and estimates how
much each age group affects the likelihood of judging
content as misogynistic, respectively.

In our case, the p-value equal to 7.10 related to the
Chi-Squared test denotes a statistically significant re-
lationship between age and the misogyny judgment.
As an additional observation, we report in Table 2 the
results of the Binary Logistic Regression where the de-
pendent variable (misogynous or not) is binary.

Age p-value Odds Ratio
25-34 0.000 1.24
35-44 0.001 1.28
45-54 0.000 1.52
55-64 0.000 1.43
≥65 0.002 1.50

Table 2
Results o the Binary Logistic Regression.

The independent variables are age categories, com-
pared with a reference category 18-24 age group. We can
easily note that the socio-demographic attribute related
to the Age is significantly associated with the likelihood
of labeling content as misogynistic, where all age groups
compared to the baseline (18-24) are statistically signifi-
cant (p-value < 0.01). Moreover, the Odds Ratios increase
with age, particularly from age 45 and up. This indicates
an increased probability of labeling content as misogy-
nous as age increases (compared to the 18-24).

[Q3] Has the Subjective Social Status a significant
relationship with the intensity of the perceived
misogyny? To explore the relationship between in-
dividuals’ perceived social standing and their sensitiv-
ity to misogynistic content, we computed the Spearman
correlation between SSS and the perceived intensity of
misogyny. In particular, for each annotator, we consid-
ered their self-reported SSS score obtained from the back-



ground questionnaire and calculated the average inten-
sity of misogyny they assigned across all memes they
annotated as misogynistic. This approach allowed us to
assess whether annotators with differing self-reported
social positions systematically varied in how strongly
they perceived misogynistic content. Spearman’s rank
correlation was chosen due to its suitability for capturing
monotonic relationships without assuming normality in
the data distributions.

The Spearman correlation analysis between the Social
Sensitivity Score and the perceived intensity of misogy-
nistic content yielded a statistically significant positive
correlation (𝜌 = 0.209, 𝑝 = 0.0015). While the correla-
tion is relatively weak, it indicates that annotators with
a higher Social Sensitivity Score are slightly more
likely to assign higher intensity of perceived misog-
yny. This finding highlights the influence of annotator-
level socio-cognitive traits on subjective annotation tasks
and suggests the importance of modeling annotator vari-
ability when addressing harmful or sensitive content.

4.2. Multimodal Baseline Models
To assess the effectiveness of multimodal models in iden-
tifying misogynistic content and disagreement between
annotators, we fine-tune two state-of-the-art architec-
tures: mCLIP 3[28, 29] and mBLIP4 [30]. These mod-
els leverage both visual and textual information from
memes, enabling a comprehensive understanding of their
content. Both the vision encoder and text decoder are
trained jointly with a classification head, allowing the
models to tailor their multimodal representations to the
specific task of misogyny and disagreement detection on
the MAMITA dataset. To provide a simple and consis-
tent baseline for evaluation, we fine-tune both models by
adding a linear classification layer on top of their origi-
nal representations, without further architectural mod-
ifications5. The classifier is trained using binary cross-
entropy loss and the Adam optimizer. To compare the
baseline models, we measure Precision (P), Recall (R), and
F-Measure (F1), distinguishing between the misogynous
label (+) and the non-misogynous one (-) as well as the
agreement label (+) vs the disagreement one (-). We adopt
a 10-fold cross-validation approach to ensure robustness
and generalizability of the evaluation.

The results reported in Table 3 highlight the perfor-
mance of mCLIP and mBLIP in predicting misogynistic
content, evaluated against both Crowd and Expert an-
notations. Overall, both models show good classifica-

3https://huggingface.co/sentence-transformers/clip-ViT-B-32-mul
tilingual-v1

4https://huggingface.co/Gregor/mblip-mt0-xl
5To ensure reproducibility of our results, we report the main training
parameters used: batch size = 4, classification threshold = 0.5, and
number of training epochs = 5.

Crowd
Approach 𝑃+ 𝑅+ 𝐹1+ 𝑃− 𝑅− 𝐹1− 𝐴𝑣𝑔.𝐹1

𝑚𝐶𝐿𝐼𝑃 0.84 0.61 0.71 0.60 0.83 0.69 0.70
𝑚𝐵𝐿𝐼𝑃 0.84 0.81 0.83 0.74 0.78 0.76 0.79

Expert
Approach 𝑃+ 𝑅+ 𝐹1+ 𝑃− 𝑅− 𝐹1− 𝐴𝑣𝑔.𝐹1

𝑚𝐶𝐿𝐼𝑃 0.86 0.63 0.73 0.63 0.86 0.73 0.73
𝑚𝐵𝐿𝐼𝑃 0.88 0.82 0.85 0.77 0.85 0.81 0.83

Table 3
Misogyny prediction performance on Crowd and Expert labels.

tion capabilities, with mBLIP consistently outperforming
mCLIP across all metrics. In the Crowd setting, mBLIP
achieves a higher average F1 score (0.79 vs. 0.70), demon-
strating better balance between precision and recall for
both misogynous and not misogynous labels. It is inter-
esting to note that mBLIP’s 𝐹1+ (0.83) and 𝐹1− (0.76)
suggest a strong ability to correctly identify both misog-
ynistic and non-misogynistic content according to crowd
judgments. Performance improves further when consid-
ering the Expert annotations. Both models exhibit higher
F1 scores compared to the Crowd setting, with mBLIP
again leading (Avg. F1 = 0.83 vs. 0.73 for mCLIP). This
may indicate better alignment between the models’ pre-
dictions and the expert labeling criteria, possibly due to
more consistent or less ambiguous expert judgments. In
both evaluation contexts, mBLIP proves to be the more
robust of the two models, offering more reliable and ac-
curate misogyny detection. These results suggest that
state-of-the-art multimodal models, particularly mBLIP,
can effectively capture harmful content signals when
fine-tuned appropriately.

Approach Crowd
𝑃+ 𝑅+ 𝐹1+ 𝑃− 𝑅− 𝐹1− 𝐴𝑣𝑔.𝐹1

𝑚𝐶𝐿𝐼𝑃 0.00 0.00 0.00 0.57 1.00 0.72 0.36
𝑚𝐵𝐿𝐼𝑃 0.00 0.00 0.00 0.57 1.00 0.72 0.36
𝑚𝐶𝐿𝐼𝑃 (*) 0.44 0.52 0.48 0.58 0.49 0.53 0.50
𝑚𝐵𝐿𝐼𝑃 (*) 0.42 0.69 0.53 0.55 0.28 0.37 0.45

Approach Expert
𝑃+ 𝑅+ 𝐹1+ 𝑃− 𝑅− 𝐹1− 𝐴𝑣𝑔.𝐹1

𝑚𝐶𝐿𝐼𝑃 0.81 1.00 0.90 0.00 0.00 0.00 0.45
𝑚𝐵𝐿𝐼𝑃 0.81 1.00 0.90 0.00 0.00 0.00 0.45
𝑚𝐶𝐿𝐼𝑃 (*) 0.82 0.37 0.51 0.19 0.66 0.30 0.40
𝑚𝐵𝐿𝐼𝑃 (*) 0.83 0.34 0.49 0.19 0.68 0.30 0.39

Table 4
Disagreement prediction performance on Crowd and Expert
labels. (*) denotes models calibrated using the the Youden’s J
statistic.

Table 4 reports the performance of the considered base-
line models in predicting disagreement between crowd
and expert judgments, under two conditions: raw model
outputs and outputs calibrated using the Youden’s J statis-
tic [31] to determine the best classification threshold on
the probability distribution. When evaluating against the

https://huggingface.co/sentence-transformers/clip-ViT-B-32-multilingual-v1
https://huggingface.co/sentence-transformers/clip-ViT-B-32-multilingual-v1
https://huggingface.co/Gregor/mblip-mt0-xl


(a) Expert

(b) Crowd

Figure 2: Violin plots showing the distribution of misogynous data (bright colors) and corresponding prediction errors (dark
overlays) for each label: Stereotype, Objectification, Shaming, and Violence. The plots illustrate the variability within the
dataset and highlight the concentration and spread of errors relative to each label.

Crowd labels, both mCLIP and mBLIP perform poorly,
assigning all instances to the negative class. However, ap-
plying the Youden correction significantly improves per-
formance, increasing the average F1 from 0.35 to 0.50 for
mCLIP and 0.45 for mBLIP. In the Expert setting, uncali-
brated models exhibit an inverse pattern: perfect recall
and high precision for positive labels (F1 = 0.90), but do
not detect negative samples, again reflecting a strong pre-
diction bias. The use of the Youden’s threshold reduces
such a bias (F1− = 0.30), at the cost of reduced precision
and recall on the positive class. Overall, these results
highlight a key challenge in using pretrained multimodal
models for subtle content moderation tasks: while de-
fault thresholds may lead to heavily skewed predictions,
simple calibration strategies can significantly rebalance
model behavior, though not without trade-offs.

We further analyzed models’ errors to better evalu-
ate models’ performances, particularly considering the
instances that were mislabeled by both classification mod-
els. A first analysis focuses on the evaluation of errors
in misogyny identification with respect to the different

types of misogyny. Figure 2 reports four violin plots
corresponding to different misogyny categories, distin-
guishing between Experts and Crowd annotations. Each
plot displays the distribution of a specific variable as a
percentage6 on the y-axis. The bright-colored regions rep-
resent the distributions within the whole dataset, while
the darker-colored regions overlaid within each violin il-
lustrate the distribution of the errors for each label. From
the visual comparison, we can easily notice that:

• Stereotype and Objectification labels exhibit rel-
atively symmetrical and balanced distributions
with a moderate spread, indicating consistent dis-
tribution across a broad range of values. The er-
ror distributions for these labels are also centered,
suggesting relatively low and uniform prediction
errors.

• Shaming and Violence have a sharp, narrow
dataset and error distributions, denoting a lot

6The percentage value has been computed with respect to the subset
of data labeled as misogynous by the majority of annotators.



Figure 3: Violin plots showing the distribution of annotator
agreement (y-axis, percentage) distinguishing between class
label (Misogyny vs. Not-Misogyny) and annotation source
(Experts vs. Crowd). The lighter area in each violin represents
the full dataset distribution, while the darker overlay indicates
the distribution of model prediction errors.

of misogynous memes not belonging to those
classes.

By analyzing the shapes of the violin plots, we can no-
tice that the violins dedicated to Shaming and Violence
assume a shape broader at the basis, denoting a signif-
icant portion of misogynous memes not labeled with
those types. Considering all the misogyny types, we can
notice that the Expert plot is consistent in shape with the
Crowd one for all the types, indicating a general ability
of the crowd annotators in recognizing all the misogyny
types.

Subsequently, we evaluated models’ ability in detect-
ing misogynistic content with respect to disagreement
between annotators. Figure 3 reports two violin plots
of the agreement among annotators along with the pre-
diction error distributions for misogyny classification,
distinguishing between Expert and Crowd annotators.
The y-axis represents annotator agreement as a percent-
age, with higher values indicating stronger consensus
among annotators, both on the Misogynous and Non-
Misogynous labels. Each violin, representing the Expert
and the crowd evaluation respectively, is divided into
two layers: the lighter area represents the distribution
of the full dataset, while the darker overlay highlights
the distribution of the model’s prediction errors. It is
easy to notice that the Expert-dedicated violin assumes
an hourglass shape, denoting a tendency for Experts to
agree on both classes. The crowd plot instead shows a
more uniform distribution, denoting a greater variabil-
ity in the disagreement between crowd annotators. In
both cases, the error distribution appears to be consistent
and unrelated to the disagreement distribution. These
patterns indicate that model errors are not influenced

by the degree of annotator agreement. As part of future
work, we plan to conduct a more in-depth qualitative
error analysis, with a specific focus on identifying the
most challenging archetypes of controversial or ambigu-
ous memes, following the approach proposed in [32], to
better understand the limitations of current models and
highlight open challenges in the detection of misogyny
in Italian.

5. Conclusions
In this paper, we presented a novel Italian multimodal
benchmark dataset designed to support the automatic
detection of misogynistic memes in online social media.
The dataset emphasizes diversity in content and label-
ing perspectives, offering a comprehensive view of how
misogyny is manifested and perceived across different
annotator groups. The proposed benchmark, collected
using a variety of popular platforms and focusing on a
wide spectrum of misogynistic expressions, ensures a
broad coverage of the phenomenon. Moreover, the dual
annotation strategy, which includes both domain experts
and crowd annotators, provides an opportunity to inves-
tigate the discrepancies in perceiving contents, therefore
improving the robustness of future automatic detection
systems that account for perspectivism.
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