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Abstract
The identification of gender stereotypes is a deeply subjective and culturally grounded task, in which annotators’

judgements are shaped by their background, lived experiences, and personal sensitivity. In this paper we

investigate how the perception of gender stereotypes in Italian short texts varies across demographic groups,

and we use group-level annotation profiles to characterise the behaviour of Large Language Models (LLMs) with

respect to sociodemographic dimensions. Building on the GSI:detect dataset, we collected new annotations on a

balanced subset of 124 texts from 281 non-expert participants, stratified by gender and age into four target groups

(women and men, under and over 35). We then compared these annotations with the zero-shot outputs of seven

LLMs. Our results show that (i) demographic background has a statistically significant effect on the perception

of gender stereotypes, with differences concentrated at the intersection of gender and age; (ii) the considered

LLMs align with different demographic profiles, with no uniform behaviour across systems; and (iii) the joint

use of correlation- and distance-based metrics reveals how a model’s sociodemographic profile can decompose

into distinct but complementary dimensions of judgment, direction and intensity, suggesting that single-metric

evaluations may oversimplify model behaviour in this kind of subjective tasks.

Code and data are publicly available on GitHub.
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1. Introduction

Gender stereotypes (GSs) are a pervasive social phenomenon that both reflects and shapes collective

expectations about gender. We define GSs as a set of generalized, simplistic and pre-constructed social

beliefs about how a person should behave, what their role in society should be and what they should

look like based on their gender [1, 2]. By prescribing socially accepted norms and behaviours, gender

stereotypes contribute to reproducing and normalising the very expectations from which they originate.

In Western societies GSs separate individuals into two groups, men and women, forcing them to conform

to the cultural expectations of what it should mean to "be a man" or to "be a woman" [3]
1

However, the recognition and, therefore, the annotation of GSs (but also of stereotypes in general)

is a very subjective task, shaped by cultural background, lived experience, and individual sensitivity,

resulting in substantial disagreement among annotators. For instance, the annotation of racist stereo-

types in [4] shows an inter-annotator agreement of 0.41 (Cohen’s k). Although there are many reasons

for such disagreement, two factors should be noteworthy in this context: first, belonging to a group
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Clearly, this polarized worldview excludes the people who do not recognize themselves in such a binary division of gender.

In this study we focus only on the analysis of GSs regarding men and women but this is a purely methodological choice and

does not assume in any way a binary view of gender.
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Figure 1: Workflow of the study. A subset of 124 short Italian texts from the GSI:detect dataset [10] was
annotated by 281 participants, who assessed the presence of gender stereotypes using a continuous score in the
interval [0, 1]. Participants were stratified by gender and age into four target groups: women under 35, women
aged 35 or older, men under 35, and men aged 35 or older. Group-level annotation profiles were then compared
with the outputs produced by LLMs. Through correlation-based analyses of human and model judgement
patterns, a sociodemographic profiling of LLMs was attempted based on the human group with which their
behaviour showed the strongest alignment.

targeted by the stereotype, as women and men tend to annotate sexist hate speech differently with

women being more likely to classify less explicitly hateful comments (e.g., pink quotas are useless) as

hate [5]; and second, internalised biases, which can subtly influence annotators’ judgements [6, 7].

Moreover, it should also be noted that these two reasons can intertwine, as some biases and stereotypes

can also be interiorized by their own addressee, causing them to perpetuate such stereotypes [8].

The considerations above become especially relevant when the focus shifts from human annotators

to LLMs. Since LLMs are trained on large collections of human-produced texts, their outputs may

encode and reproduce not only the stereotypes found in those texts, but also the heterogeneous ways

in which people perceive and interpret them.

In this context, the present study builds on the research conducted within the GSI:detect shared task

organised at EVALITA 2026 [9], which resulted in the release of a specific dataset containing short

Italian texts annotated by four trained annotators for the presence of GSs [10]. We extend the scope of

the EVALITA work by investigating how GSs are perceived by a broader non-expert population. To

this end, we selected a balanced subset of 124 texts from the original dataset and collected annotations

from 281 participants, where 270 belong to the four target groups defined by the intersection of gender

and age: women and men under and over 35. We then correlated the resulting group-level annotation

profiles with the zero-shot outputs of seven LLMs evaluated on the same shared task. An overview of

the overall workflow is shown in Figure 1. Our study addresses the following research questions:

RQ1: How do sociodemographic characteristics influence the perception of GSs in short Italian texts?

RQ2: To what extent can LLMs’ annotation patterns be associated with those of different sociodemo-

graphic groups?

In addressing these questions, our study provides a twofold contribution: (i) an analysis of how

sociodemographic factors shape the perception of GSs; and (ii) a sociodemographic profiling of LLMs

based on their alignment with distinct human groups.

2. Related Work

2.1. Subjectivity and Sociodemographic Variation in Annotation

The perception and annotation of socially grounded phenomena, such as hate speech, misogyny,

and sexism, cannot always be reduced to a single objective ground truth. In highly subjective tasks,

disagreements among annotators may reflect meaningful differences in their sociocultural backgrounds,

lived experiences, and personal beliefs, rather than annotation noise alone. Aggregating individual



judgements into a single label may therefore obscure perspectives systematically expressed by specific

individuals or social groups [11, 12, 13, 14]. Recent work has also investigated whether LLMs can

approximate human judgement variation directly. For instance, Chen et al. [15] derive model judgement

distributions from LLM probabilities and compare them with human label distributions in Natural

Language Inference (NLI) tasks.

This issue, which has received increasing attention in NLP, is relevant to the detection of gender-

related phenomena, including the automatic identification of misogynistic content [16]. Previous

studies have shown that annotators’ characteristics and attitudes may influence their judgements in

tasks involving sexist or harmful language [17, 18, 19, 20]. More specifically, Abercrombie et al. [21]

investigated the relationship between annotator identities, underlying attitudes, and responses to a

sexism-labelling task.

2.2. Biases and Stereotypes in LLMs

A further line of research has examined social biases in LLMs, particularly those related to race and

gender [22, 23, 24]. Gender biases have been documented both in machine translation systems [25, 26]

and in generative LLMs. For example, Muti et al. [27] showed that GPT-2 and GPT-3 reproduce gender-

stereotypical associations in their representations of feminists in Italian. Likewise, Valderrey and Bloem

[28] found that stereotypes such as “Women are beautiful” are consistently encoded by models including

LLaMA-2-Chat and LLaMA-2-7B. Finally, Garrido-Munoz et al. [29] showed that adjectives related to

physical appearance are more frequently associated with female-subject templates, suggesting that

LLMs tend to characterise women through physical attributes.

2.3. Profiling LLM Behaviour Through Human Traits and Perspectives

Several studies in recent years have investigated whether LLM behaviour can be described through

human-related traits and profiles. One line of research focuses on personality induction, using

persona-based prompting or role-playing techniques to elicit outputs consistent with specific

personality traits or identities. Early studies explored how predefined personas can shape dialogue

generation and user interactions [30, 31], while more recent work has examined the use of persona

prompting for applications such as data synthesis, personalisation, and role-playing with LLMs

[32, 33, 34, 35, 36]. Beyond predefined personas, Sorensen et al. [37] introduce natural-language

value profiles derived from individuals’ previous annotations and use them to predict their held-out

judgements. Their approach provides an interpretable representation of human perspectives that can

capture behavioural variation beyond demographic attributes alone. However, behaviours induced

through persona prompting do not always remain stable across contexts, raising questions about the

consistency of personality simulation in LLMs [38]. Gendered personas have also been investigated

in relation to commercial voice assistants and chatbots, which are often assigned feminine-coded

identities [39]. Similarly, Fadaei et al. [40] show that LLM-based agents may exhibit fluctuating patterns

of gender-coded language over time. A complementary line of research examines the behavioural

patterns that emerge when LLMs are prompted without explicit persona instructions. Psychometric

studies suggest that models may exhibit distinctive and relatively consistent tendencies, which can

vary across systems and may be affected by alignment procedures [41, 42]. These findings have mo-

tivated the use of human-related traits and profiles as interpretative tools for analysing model behaviour.

Building on the theoretical and experimental background discussed in the previous sections, we

approach the analysis of LLM behaviour in GS detection by explicitly accounting for sociodemographic

variation in human annotations. Rather than inducing predefined personas or attributing demographic

identities to the models, we compare their annotation patterns with those of different human groups.



3. Methodology

This section outlines the methodology followed in this study, which is designed around our two

complementary objectives: a sociodemographic analysis of how different groups of people perceive the

presence of, or reference to, GSs in short Italian texts, and the sociodemographic profiling of LLMs,

aimed at investigating whether, and to what degree, the behaviour of LLMs in a GS detection task aligns

with the judgements of human demographic groups (see Figure 1 for an overview of the workflow).

To pursue our objectives, we designed a survey in which native Italian-speaking non-expert partici-

pants annotated a subset of 124 texts taken from the GSI:detect dataset by assigning a continuous score

reflecting the perceived presence of gender stereotypes (see Section 4.1 for details about survey design

and data collection). Participants were recruited through two channels – voluntary participation and

the Prolific crowdsourcing platform – and were stratified into four demographic groups defined by the

intersection of gender and age.

The resulting annotations were analysed to characterise the sociodemographic composition of the

sample and to assess whether different groups exhibit systematically different judgement patterns. As

for models, we reused the zero-shot outputs previously submitted to the GSI:detect shared task rather

than running the models specifically for the present study.
2

The group-level annotation profiles were

used as reference points to measure how closely the judgement patterns captured by these outputs

align with those of each human group.

GSI:detect Sociodemographic Analysis of Human Annotations. The data collected through

the survey are analysed along two dimensions. First, we provide a descriptive characterisation of the

full participant sample across all the sociodemographic variables we collected, including gender, age,

education, geographic provenance, political orientation, and sexual orientation. Second, we focus on the

four main demographic groups and examine whether they exhibit systematically different judgement

patterns. To this end, each annotator is represented by their personal mean score across all 124 items,

and the resulting distributions are compared across groups through inferential statistical tests. This

analysis allows us to assess whether demographic background is a significant predictor of how GSs are

perceived in text.

Sociodemographic Profiling of LLMs. We employ the zero-shot outputs produced by the selected

systems for the same items within the GSI:detect shared task [9]. No additional model inference is

performed in the present study. Human groups and models are represented by their scores on the same

items, with human scores averaged within each group. The alignment between a model and each human

group is quantified through a set of complementary metrics, which capture both the directionality and

the absolute proximity of their respective judgements (see below). The goal is to identify the human

group that each LLM’s behaviour most closely resembles, while also taking into account the level of

confidence associated with this comparison, in order to describe each LLM in sociodemographic terms.

Metrics. We quantify the LLM–human group alignment through three complementary metrics:

i. Pearson correlation (𝑟) measures the linear association between the two vectors and serves as the

primary criterion for profile assignment, following prior work that uses Pearson correlation to quantify

the alignment between model behaviour and human or dataset-specific profiles [43].

ii. Spearman rank correlation (𝜌) measures agreement in score ranking, making it more robust

to distributional differences and discrete LLM outputs. It is used as a confirmatory criterion, with

disagreement between Pearson and Spearman indicating ambiguous cases.

iii. Mean Absolute Error (MAE) measures the average absolute distance between scores, capturing

magnitude differences to contextualise calibration differences and interpret ambiguous assignments.

2

For the prompt templates and model-specific implementation details, we refer the reader to the shared task system reports

describing the different models, as explained in more detail in Section 5.



4. Data

The present study builds on GSI:detect [10], an Italian linguistic resource specifically designed for

the detection and classification of GSs in written texts. The dataset consists of 1, 010 short Italian

texts manually collected from social media platforms and informative websites, in order to capture

naturally occurring language across a variety of communicative contexts (family, gender, politics, etc.).

Unlike many existing resources, it focuses on GSs as they spontaneously emerge in everyday written

communication, going beyond overtly sexist or hateful discourse and including the ambiguous cases in

which stereotypes are produced unconsciously or even with apparently positive intentions.

Each text in GSI:detect is annotated along two dimensions: a GS value, a numerical score in the interval

[0, 1] indicating the degree to which the text reflects or refers to a GS, and a GS category, indicating the

semantic dimension along which the stereotype is articulated (role, personality, competence, physical,
sexual, or relational). For the purposes of the present study, we focus exclusively on the GS value

dimension (leaving the categorical annotation aside) and on a subset of 124 selected texts. As an

illustrative example, consider, for instance, the following text from the selected subset:

«Quando le donne sono stressate, diventano emotive e si sfasciano, mentre quando gli uomini
sono stressati, rimangono calmi e lucidi.»3

4.1. Survey Design and Data Collection

Building on the resource described above, we designed a survey to collect annotations on the GS value

dimension from a broader, non-expert population. While the original GSI:detect dataset reflects the

perspectives of four trained annotators following pre-defined criteria, our goal here is to investigate

how the perception of gender stereotypes varies across the general public, collecting annotations from

people whose judgments about the phenomenon solely reflect their experience and sensitivity.

Demographic stratification. Several sociodemographic variables are collected from each participant

(described in detail below). Among these, we identified gender and age as the two primary discriminants

in this study, on the basis of their well-documented relevance in shaping perceptions of gender-related

phenomena [5, 8]. Accordingly, participants are stratified into four target categories defined by the

intersection of these two variables: women < 35, women ≥ 35, men < 35, and men ≥ 35.
4

The four

groups constitute the primary units of analysis throughout the rest of the paper.
5

Power analysis. To determine the minimum sample size required for reliable group-level estimates

and statistically meaningful comparisons, we conducted a Monte Carlo power analysis prior to data

collection (for further details, see Appendix A). The simulation generated synthetic annotations in

which each judgement was influenced by three factors: the demographic group’s average tendency

(base rate), the stereotypicality of the text (fixed per item), and the annotator’s individual sensitivity

(fixed per participant). We evaluated designs with [50, 100] annotators per group and [70, 150] texts per

annotator, running 200 simulations for each configuration with group-level base rates ranging from

0.50 to 0.65. Each design was assessed against two criteria: precision, requiring the 95% confidence

interval on each group mean to have a half-width below 0.05; and power, requiring pairwise group

differences to reach statistical significance (𝑝 < 0.05, with Bonferroni correction) in at least 80% of the

simulations. The minimum suitable design comprised approximately 60–80 annotators per group and

130 texts per annotator. Accordingly, we set up a dataset of 130 texts composed of 124 texts selected

3

Translation: «When women are stressed, they become emotional and fall apart, whereas when men are stressed, they remain
calm and clear-headed.»

4

We adopted 35 years as an operational cut-off to distinguish younger and older participants. The choice is consistent with the

Italian youth-policy framework, as documented by the institutional Youth Wiki platform, according to which some national

initiatives target individuals aged up to 35 [44].

5

Although our study focuses on women and men, this choice is purely methodological and does not assume a binary view

of gender. We acknowledge that we were not able to investigate the perception of gender stereotypes among non-binary

individuals, due to the difficulty of recruiting a sample of sufficient size to support robust statistical analysis within the

budget and timeframe. The analysis of GS perception among non-binary individuals may be the object of future work.



from the GSI:detect test set (balanced by the original GS values assigned by the trained annotators) and

6 quality-control items to assess participants’ attention and annotation reliability.
6

Survey design. The survey was implemented as a custom web application built on Google Apps Script,

with a Google Sheets back-end serving as the database. Each participant was automatically assigned

an anonymous incremental identifier (e.g., GS1, GS2, . . . ) upon opening the form, with no link to

personal data; progress was continuously autosaved both locally and server-side, allowing participants

to interrupt and resume the task on the same device. Before starting the annotation task, participants

were asked to read the task introduction – including an operational definition of Gender Stereotype7
, a

content warning, the annotation instructions and quality-control rules, and a privacy statement followed

by a mandatory consent checkbox. They were then asked to provide sociodemographic information

used in the descriptive and inferential analyses presented in the following sections: gender, age, level

of education, geographic provenance (categorized as Northern, Central, or Southern Italy, or Other),

political orientation, and sexual orientation (specifically, whether the participant identifies as

belonging to the LGBTQIA+ community or not).

In the annotation task, participants are presented one text at a time (e.g., ”Se le donne in pensione
ricevono meno, significa che hanno versato meno contributi. Basta con queste continue lamentele!”8

),

together with an instructional prompt asking how strongly the text expresses or refers to a GS. The

judgment is provided by moving a slider on a continuous scale from 0 to 1 (Appendix A.1, Figure 3). To

support intuitive interpretation, qualitative anchors are displayed below the slider at evenly spaced

positions: Per nulla (Not at all), Poco (Slightly), Moderatamente (Moderately), Molto (Strongly), Estrema-
mente (Extremely). Prior to public deployment, the survey underwent a pilot phase aimed at refining

the user experience of the tool and at estimating the average completion time. During this phase, the

form was iteratively administered to a group of five external participants not involved in the project.

Recruitment. The survey was then deployed in two consecutive phases. In the first phase, the form

was distributed to the general public on a voluntary, unpaid basis through institutional mailing lists

and word-of-mouth dissemination. In the second phase, the survey was administered on the Prolific

crowdsourcing platform
9

until the target sample size was reached, compatibly with the available bud-

get.
10

Besides gender and age, participants in both channels provided the same set of sociodemographic

information described above, which is leveraged in the descriptive analysis presented in Section 4.2.

4.2. Data Analysis

In this section we present the analyses carried out on the data collected through the survey. The first

part of the analysis is descriptive and inferential in nature: we characterise the composition of the

sample along the relevant sociodemographic dimensions and we test whether the four target groups

differ in a statistically significant way in their perception of GSs. The second part is concerned with

the internal consistency of the collected annotations and with the patterns that emerge at the level

of individual items, with the aim of assessing the overall reliability of the data and their suitability to

serve as a reference for the LLM profiling experiments presented in the following section.

Sample composition. A total of 281 participants (98 recruited on a voluntary basis and 183 through

the Prolific platform) completed the annotation task, with 270 belonging to one of the four target groups

defined by the intersection of gender and age. The remaining 11 participants self-identified as Other
on the gender question and are therefore not included in any of the group-level analyses based on the

four target categories, nor in the LLM profiling experiments presented in the following sections; their

annotations are however retained for descriptive analyses that do not rely on the man/woman binary

distinction (e.g., the distributions in Figure 2 and the inter-annotator agreement in Table 3). Figure 2

6

The quality-control items were removed from all subsequent analyses and are not part of the distributed dataset.

7

Defined in the form as “the belief that men and women have, or should have, certain behaviours or qualities solely because they
belong to a given gender”, accompanied by an illustrative example.

8

Translation: “If retired women receive less, it means they paid fewer contributions. Enough with all this constant complaining!”

9

https://www.prolific.com

10

On Prolific, recruitment was filtered by the four target demographic categories; 183 participants were recruited for a task

taking approximately 35 minutes, for a total cost (including platform service fees) of approximately 1,400£.
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Figure 2: Distribution of the 281 participants along all sociodemographic variables collected through the survey.

provides a general picture of the sample, reporting the distribution of all sociodemographic variables

collected through the survey.

Table 1 focuses on the four target groups, reporting group size together with the central tendency

of the annotation scores produced by each group. The highest mean score is observed for women

≥35 (0.610), followed by women <35 (0.584), men <35 (0.558), and men ≥35 (0.546). Two descriptive

patterns emerge. First, women assign higher GS values than men on average, suggesting a greater

sensitivity to the presence of gender stereotypes. Second, age appears to modulate this tendency

differently across genders: the mean score increases with age among women but decreases among men.

The largest difference is therefore observed between women ≥35 and men ≥35, while the two younger

groups fall in between.

While the recruitment goal of approximately 80 participants per category was not fully met in the

time available for data collection because of practical recruitment difficulties, the final per-group sample

sizes remain within the range of configurations identified as valid by the power analysis (Section 4.1).

Group N Mean Median St.Dev

Women <35 71 0.584 0.587 0.100
Women ≥35 68 0.610 0.613 0.097
Men <35 66 0.558 0.567 0.111
Men ≥35 65 0.546 0.549 0.127

Overall 281 0.578 0.585 0.111

Table 1
Size of the four target demographic groups and descriptive statistics of GS value annotations. Each participant is
summarised by their personal mean across the 124 items, and the reported mean, median and standard deviation
are computed over these per-annotator values. The overall sample mean (across all 281 participants) is 0.578.

Statistical significance. To assess whether the differences in mean GS value across the four target

groups are statistically significant, we represented each annotator by their personal mean score across

the 124 items and then compared the resulting per-annotator distributions across groups. A Shapiro-

Wilk test confirmed that the distribution of personal mean scores does not deviate significantly from

normality in any of the four groups (all 𝑝 > 0.05, see Table 2, top block), allowing us to apply parametric

tests. A one-way ANOVA yielded a statistically significant difference between the four groups (𝐹 = 4.52,

𝑝 = 0.0041), with an effect size of 𝜂2 = 0.049 that falls in the small-effect range. We then performed

pairwise comparisons via Tukey’s HSD post-hoc test, which controls the family-wise error rate across



all six pairwise comparisons (Table 2, bottom block). Two comparisons reach statistical significance at

𝛼 = 0.05: women ≥ 35 differ significantly from both men ≥35 (𝑝 = 0.0047) and men <35 (𝑝 = 0.0327).

All other comparisons – including women <35 vs. men of either age group – do not reach significance.

This suggests that the observed effect cannot be straightforwardly reduced to gender or age alone, but

may instead reflect their interplay, with significant differences concentrated in comparisons involving

women aged 35 or older, who show a stronger perception of gender stereotypes than both male groups.

(a) Shapiro-Wilk normality test
Group W 𝑝-value

Women <35 0.9936 0.9772

Women ≥35 0.9854 0.6114

Men <35 0.9720 0.1406

Men ≥35 0.9741 0.1904

(b) One-way ANOVA
𝐹 = 4.52, 𝑝 = 0.0041, 𝜂2 = 0.049

(c) Tukey HSD pairwise comparisons
Comparison Mean diff. 𝑝-adj

Women ≥35 vs. Men ≥35 +0.064 0.0047
Women ≥35 vs. Men <35 +0.052 0.0327
Women ≥35 vs. Women <35 +0.026 0.4895

Women <35 vs. Men ≥35 +0.038 0.1865

Women <35 vs. Men <35 +0.026 0.5218

Men <35 vs. Men ≥35 +0.012 0.9194

Table 2: Statistical tests on per-annotator mean

GS value across four groups. Each anno-

tator contributes one value (the mean of

their 124 annotations). Significant pair-

wise comparisons (𝑝 < 0.05) in bold.

Variable Group N Alpha

– All participants 281 0.42

Gender × Age

Women <35 71 0.48

Women ≥35 68 0.39

Men <35 66 0.47

Men ≥35 65 0.37

Political orientation

Left 186 0.47

Centre 56 0.40

Right 20 0.34

Non-voter 19 0.28

Sexual orientation

LGBTQIA+ 63 0.48

Non-LGBTQIA+ 205 0.41

Geographic provenance

North Italy 150 0.40

Centre Italy 58 0.45

South Italy 72 0.45

Table 3: Within-group inter-annotator agreement

(Krippendorff’s Alpha, interval-level).

Higher values indicate greater internal

cohesion in the perception of GSs.

Inter-annotator agreement. We computed inter-annotator agreement using Krippendorff’s Alpha,

taking into account the numerical distance between annotation scores, both for the full sample and

separately for each demographic group (Table 3). The overall agreement is moderate, with 𝛼 = 0.42:

while annotators broadly converge in their perception of gender stereotypes, substantial individual

variation remains. A consistent pattern emerges within the four target groups: younger participants

exhibit higher agreement than older ones in both genders (women <35: 𝛼 = 0.48 vs. women ≥35:

𝛼 = 0.39; men <35: 𝛼 = 0.47 vs. men ≥35: 𝛼 = 0.37). In this sample, age is more clearly associated

with within-group cohesion than gender. However, this pattern may partly reflect the composition

of the age groups rather than a general effect of age: the younger groups cover a relatively narrow

age range (18–34), whereas the older groups include participants from 35 to 65 years and above. The

latter may therefore encompass more heterogeneous life stages, experiences, and perspectives, which

could contribute to their lower internal agreement. Consequently, this finding should be interpreted

as sample-specific and requires confirmation in larger samples with more finely balanced age ranges.

Moreover, two further patterns deserve attention. First, participants who identify as belonging to the

LGBTQIA+ community exhibit higher internal agreement than non-LGBTQIA+ participants (𝛼 = 0.48
vs. 0.41); this is consistent with the hypothesis that belonging to a group potentially targeted by

gender stereotypes correlates with a more shared and articulated sensitivity to the phenomenon.

Second, descriptive differences emerge across political-orientation groups, with higher agreement

among left-wing participants (𝛼 = 0.47) than among centrist (𝛼 = 0.40), right-wing (𝛼 = 0.34), and

non-voting participants (𝛼 = 0.28). Given the strong imbalance in group sizes (𝑁 = 186, 56, 20,

and 19, respectively), these estimates, particularly those of the smaller groups, should be regarded as

exploratory and may partly reflect the composition of the sample. By contrast, geographic provenance

does not show any meaningful effect: agreement levels are comparable across the three Italian areas

(North: 𝛼 = 0.40; Centre: 𝛼 = 0.45; South: 𝛼 = 0.45), with the North showing slightly lower internal



cohesion. We also computed mean scores and saw that they are nearly identical (0.58, 0.56, 0.59). This

suggests that regional origin is not a confounding factor in our analysis.

5. Experiments

This section presents the selected LLMs and the experiments conducted to characterise their behaviour

in sociodemographic terms. We investigate whether each model’s pattern of judgements in the

GS detection task aligns more closely with one of the four demographic groups. Rather than

evaluating absolute model performance against a gold standard, we treat the four annotation profiles

as alternative reference points and measure the degree of alignment between each model and each group.

Experimental setup. As described in Section 3, the analysis compares human and model judgements

on the same 124 texts. Both the four human demographic groups and each LLM are represented as

124-dimensional vectors of GS values, one entry per item in the subset described in Section 4. For the

human groups, the vector entries are obtained by averaging, item by item, the scores assigned by all

annotators belonging to that group; for the LLMs, the vector entries are simply the GS values returned

by the model when prompted on each of the 124 items. The alignment between an LLM vector and a

human group vector is then quantified through three different metrics (Pearson correlation, Spearman

rank correlation, and MAE), each computed over the 124 aligned pairs of scores. This procedure is

repeated for every model against every human group, yielding for each LLM a profile of alignment

scores across the four target groups. Following the criterion defined in Section 3, the group with the

highest Pearson correlation is reported as the model’s highest-alignment profile; Spearman is used as a

confirmatory criterion, and cases in which Pearson and Spearman disagree are flagged and discussed in

light of the corresponding MAE values. Both the human annotations and the evaluated LLM outputs

are expressed as scores in the [0, 1] interval.

Models. The models analysed in this study were drawn from the pool of systems participating in the

GS Detection task within the EVALITA 2026 GSI:detect shared task, including both submissions from

the participating teams [45, 46, 47, 48] and the baseline models that we tested in our own contribution

as task organisers [9]. From this pool, we selected 7 systems with the aim of representing a diverse set

of LLM families and sizes, including both proprietary and open-weight models, without the intention

of isolating differences across model families at comparable scale, nor differences across model sizes

within the same family. All systems are considered in their zero-shot configuration, since our objective

is to profile the socio-demographic tendencies that emerge from their post-training abilities, without

any form of in-context learning, fine-tuning, or other adaptations that could alter such tendencies.
11

The final selection of systems comprises Gemini 2.5-Flash [49], whose experimental setup is described

in Festa [47]; Llama 3.3-70B [50], described in Greco et al. [46]; Gemma 3-12B [51], described in Labruna

[48]; GPT-5 [52], described in Sorokoletova et al. [45]
12

; and GPT-4o [53], GPT-5-nano [52], and Qwen3-

14B [54], described in Comandini et al. [9]; see the papers describing each submission for information

about prompt templates and inference details for each zero-shot setting run.

6. Results and Discussion

This section presents the outcome of the sociodemographic profiling experiments described in Section 5.

We report here the full set of alignment scores between each LLM and each human demographic group

11

Some of the models that participated in the shared task are not included in this study, either because the submitting team

did not provide any zero-shot run, or because no system description was made available.

12

Due to the experimental design adopted by the shared task participants, GPT-5 was prompted to output only discrete values

(0, 0.25, 0.50, 0.75, and 1), unlike the other models considered in this study. For the present analysis, these values were

treated uniformly as numerical scores within the [0, 1] continuum.



(Table 4), discussing the patterns that emerge, with particular attention to the cases in which the three

metrics agree on the assigned profile, the cases in which they diverge, and the broader trends that

connect these results to the sociodemographic findings of Section 4.2.

We assessed the statistical robustness of the observed profile alignments using a hierarchical boot-

strap procedure (described in Appendix B).
13

Although all model–group correlations were significantly

different from zero, none of the models showed a highest Pearson correlation that was significantly

greater than those of all alternative profiles.
14

Accordingly, the profile labels in Table 4 should be

interpreted as indicating relative alignment rather than statistically unique demographic classifications.

Model Metric W <35 W ≥35 M <35 M ≥35 Highest-alignment profile

Gemini 2.5-Flash
Pearson ↑ 0.766 0.769 0.761 0.761

W/M ≥35*Spearman ↑ 0.768 0.765 0.769 0.784
MAE ↓ 0.215 0.215 0.228 0.251

Gemma 3-12B
Pearson ↑ 0.625 0.625 0.634 0.619

M <35Spearman ↑ 0.577 0.570 0.577 0.560
MAE ↓ 0.233 0.237 0.235 0.253

GPT-4o
Pearson ↑ 0.777 0.765 0.780 0.762

M <35*Spearman ↑ 0.744 0.707 0.740 0.718
MAE ↓ 0.126 0.121 0.138 0.144

GPT-5
Pearson ↑ 0.797 0.791 0.818 0.787

M <35Spearman ↑ 0.786 0.772 0.808 0.786
MAE ↓ 0.197 0.208 0.195 0.222

GPT-5-nano
Pearson ↑ 0.594 0.598 0.602 0.577

M <35*Spearman ↑ 0.579 0.585 0.579 0.562
MAE ↓ 0.188 0.183 0.189 0.200

Llama 3.3-70B
Pearson ↑ 0.734 0.729 0.696 0.711

W <35Spearman ↑ 0.686 0.685 0.648 0.682
MAE ↓ 0.144 0.139 0.156 0.155

Qwen3-14B
Pearson ↑ 0.588 0.602 0.574 0.571

W ≥35Spearman ↑ 0.534 0.555 0.517 0.525
MAE ↓ 0.188 0.178 0.199 0.202

Table 4
Alignment scores between each LLM and the four human demographic groups (W = Women, M =
Men). The best-aligned group per metric is in bold. The highest-alignment profile is identified primarily
through Pearson correlation, with Spearman used as a confirmatory measure; cases marked with *
indicate disagreement between the two correlation metrics. Since none of the highest observed Pearson
correlations was significantly greater than all alternative correlations (see Appendix B), profile labels
should therefore be interpreted as descriptive closest matches.

Consistent descriptive alignments. For four out of the seven systems – GPT-5, Llama 3.3-70B,

Gemma 3-12B, and Qwen3-14B – Pearson and Spearman identify the same highest-alignment group.

GPT-5 stands out as the system with the highest overall alignment with human judgements, with

Pearson and Spearman above 0.78 across all four groups and the strongest alignment with men <35

profile (Pearson = 0.818, Spearman = 0.808), which is also the group selected most frequently in

the bootstrap samples: approximately 74% under Pearson and 71% under Spearman (see Appendix B).

This makes GPT-5 the model with the most internally consistent descriptive tendency in the pool,

although this should be interpreted as the most stable tendency rather than as evidence of a uniquely

13

Since Pearson correlation serves as our primary criterion for identifying the highest-alignment profile, this inferential

analysis focuses on whether the highest observed Pearson correlation is significantly greater than the correlations with the

alternative demographic groups. The same bootstrap replicates are also used to descriptively assess profile stability under

Spearman correlation and MAE, which serve as complementary criteria.

14

This may partly reflect the limited number of evaluation items (𝑁 = 124), since a larger item set would yield more

precise estimates and narrower confidence intervals. However, the observed differences between the group correlations are

also generally small, suggesting that limited statistical power is unlikely to be the only explanation and that the human

demographic profiles themselves may share a substantial common structure.



differentiated demographic alignment. Qwen3-14B displays a similarly coherent, although weaker,

tendency toward women ≥ 35. Pearson, Spearman, and MAE all identify this group as the closest

profile, and women ≥ 35 are selected in approximately 59% of the Pearson bootstrap samples, 66% of

the Spearman samples, and 87% of the MAE samples. For Llama 3.3-70B, Pearson and Spearman both

identify women <35, whereas MAE identifies women ≥ 35. The model therefore shows a tendency

toward the female profiles, but the distinction between the two age groups is not stable across metrics.

In particular, the Pearson difference between women <35 and women ≥ 35 is only 0.005. Gemma 3-12B

shows its highest Pearson and Spearman correlations with men <35, but with lower correlation values

than GPT-5 (Pearson = 0.634, Spearman = 0.577): the demographic signal is consistent across metrics,

but the overall alignment with the human data is weaker, suggesting that the model captures the general

direction of human judgements only moderately well, independently of the specific group.

Ambiguous alignments. For the remaining three systems – Gemini, GPT-4o, and GPT-5-nano –

Pearson and Spearman point to different highest-alignment groups, while MAE provides an additional

and sometimes divergent indication. Gemini represents the clearest case of limited profile differentiation,

whose Pearson values are nearly flat across all four groups (range 0.761–0.769), and none of the pairwise

differences approaches statistical significance. Pearson and MAE identify women ≥ 35, while Spearman

identifies men ≥ 35. Rather than supporting a specific demographic profile, these results indicate that

Gemini does not exhibit a clearly distinguishable demographic alignment within the present sample.

The cases of GPT-4o and GPT-5-nano are structurally similar and methodologically informative. In both

systems, Pearson converges on men <35, while the smallest MAE is observed with women ≥35. This

dissociation between correlation-based and distance-based metrics suggests that both models share

the same directional pattern as men <35 (i.e., they identify the same items as more or less stereotyped)

but produce GS values whose absolute magnitude is closer to that of women ≥35. It is worth noting

that GPT-4o exhibits the lowest MAE in the entire pool (MAE = 0.121 with women ≥35), making it

the best-calibrated model in absolute terms with the lowest absolute deviation from the human group

scores, despite not achieving the highest correlations. This case illustrates the value of the three-metric

design proposed in Section 3: relying on a single metric would have masked this dissociation between

the direction of judgement and the intensity of the response.

Connecting LLM profiles to the human sociodemographic findings. Three broader patterns

emerge when the LLM profiles are read together with the findings of Section 4.2. First, Llama 3.3-70B is

the only model whose highest Pearson and Spearman correlations are observed for women <35, despite

this being the most internally cohesive human group in our sample, with the highest within-group

Krippendorff’s Alpha (𝛼 = 0.48, Table 3). The results therefore do not show that the most internally

cohesive human profile is uniquely reproduced by the models, which instead tend to align with groups

that exhibit lower internal cohesion (e.g., men under and over 35). Second, we observe that all three

GPT-based systems (GPT-5, GPT-4o, GPT-5-nano) obtain their highest Pearson correlation with men

< 35, while the other models distribute differently. This family-level regularity is noteworthy from

a descriptive point of view, particularly because GPT-5 also shows substantial bootstrap stability in

this direction (Appendix B). However, the pattern is not supported by statistically significant pairwise

differences, and GPT-4o and GPT-5-nano show disagreement across Pearson, Spearman, and MAE. It

should therefore be treated as a preliminary observation rather than as evidence of a systematic effect

of model family, training data, or alignment procedures.
15

Third, the ambiguous cases of GPT-4o and

GPT-5-nano show that the direction and the intensity of a model’s judgements can dissociate: a model

can agree with one demographic group on which items are stereotyped while expressing this judgement

at an intensity closer to that of a different group. This dissociation, made visible by the joint use of

correlation- and distance-based metrics, suggests that single-metric evaluations may oversimplify the

way models reproduce (or fail to reproduce) specific human perspectives.

15

The small number of systems per family and the absence of statistically differentiated demographic profiles prevents us

from drawing conclusions about model-family effects.



7. Conclusion

In this work we addressed two complementary objectives: characterising how the perception and

identification of gender stereotypes varies across human demographic groups, and using the resulting

group-level annotation profiles as a reference to investigate the sociodemographic alignment of LLMs in

the same task. Building on the GSI:detect dataset, we collected a new set of annotations from non-expert

participants stratified by gender and age, and we compared the resulting human profiles with the

zero-shot outputs of a set of selected LLMs.

Our findings can be summarised as follows: (i) demographic background has a statistically significant

effect on the perception of gender stereotypes, with the divergence concentrated at the intersection

of gender and age: women over 35 differ significantly from men above and below this age, while no

other pairwise comparison reaches significance; (ii) age emerges as a stronger predictor of internal

annotator cohesion than gender, with younger participants of both genders consistently showing higher

within-group agreement than older ones; (iii) LLMs exhibit alignment patterns that can be meaningfully

characterised along sociodemographic dimensions, with substantial variation across model families

and configurations rather than a uniform behaviour; (iv) the most internally cohesive human group

(women under 35) is also the least replicated by the models, with only one system out of seven aligning

with it, while the three GPT-based systems investigated tend to align most closely with the men under

35 profile in terms of judgement direction; and (v) the joint use of correlation- and distance-based

metrics reveals that a model can identify the same items as stereotyped as a given demographic group,

but score them with a different intensity, often closer to that of another group. This shows that a

model’s sociodemographic profile is not a single, monolithic label, but can decompose into independent

dimensions of perception and calibration, a distinction that single-metric evaluations would have

masked, and that we believe should be taken into account in future profiling studies of subjective tasks.

8. Limitations

The limitation of this work concerns the size of the annotator and evaluation samples. Although the per-

group sample sizes fall within the range identified as valid by the power analysis (Section 4.1), due to time

and budget constraints we did not reach the original recruitment target of approximately 80 participants

per demographic group. Larger samples would strengthen the robustness and generalisability of

the reported patterns, while also increasing the precision and statistical power of the comparisons

between demographic profiles. This could help determine whether the small observed differences reflect

genuinely overlapping group profiles or insufficient data to detect more subtle alignment effects. A

further limitation concerns the use of scalar scores: human scale calibration may vary, and direct LLM

score elicitation may be unreliable. However, this study reuses the outputs already available from the

original task on which the profiling analysis is based (GSI:detect shared task).
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A. Defining Survey Design

A.1. Additional Materials

We present an example prompt fed to LLMs in the context of the GSI:detect shared task for predicting

the GS value:
16

«Voglio sapere se la seguente frase contiene uno stereotipo di genere o un riferimento ad uno
stereotipo di genere. Non rispondere con si o no ma dammi un valore numerico compreso tra 1
(frase molto stereotipata) e 0 (frase poco stereotipata) usando fino a due cifre decimali.»

- English Translation:

«I would like to know whether the following sentence contains or refers to a gender stereotype.
Do not answer yes or no; instead, provide a numerical value between 0 (the sentence is not or
only weakly stereotypical) and 1 (the sentence is highly stereotypical), using up to two decimal
places.»

Below an example of how we proposed the annotation survey to the annotators.

16

Each model-specific prompt template, as designed by the GSI:detect shared task participants, are provided in the systems’

reports referenced in Section 5.
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Figure 3: Example of item annotation from the Survey.

A.2. Power analysis

To determine the minimum sample size required to support both reliable group-level estimates and

statistically meaningful comparisons between the four groups, we conducted a Monte Carlo power

analysis prior to data collection. The simulation generates synthetic annotations that mimic how real

participants would behave: each judgment is influenced by the average tendency of the annotator’s

demographic group (its base rate), by how stereotypical the text actually is (a fixed value drawn for

each text), and by the personal sensitivity of the individual annotator (a fixed value drawn for each

participant). We tested many possible study designs by varying the number of annotators per group

and the number of texts each annotator would label. For each design, we ran 200 simulations using

group-level base rates between 0.50 and 0.65, chosen to reflect plausible variation across the four

demographic groups. Each design was evaluated against two criteria:

• Precision – the 95% confidence interval on the mean GS value of each group must have a

half-width below 0.05, ensuring sufficiently narrow group-level estimates.

• Power – pairwise comparisons between groups (e.g., men ≥35 vs. men <35; women vs. men)

must reach statistical significance (𝑝 < 0.05 with Bonferroni correction for multiple testing) in at

least 80% of the simulations.

The grid explored configurations with [50, 100] annotators per group and [70, 150] texts per annotator.

The analysis identified configurations in the neighborhood of approximately 60–80 annotators per

group and 130 texts per annotator as the minimum design satisfying both criteria.

Based on the power analysis, we selected a subset of 124 texts from the GSI:detect test set, balanced

with respect to the GS values assigned by the original trained annotators. To these we added 6 additional

quality-control items used to verify participants’ attention and annotation reliability, bringing the total

annotation load to 130 items per participant – in line with the design identified by the power analysis.
17

We then aimed at recruiting approximately 80 annotators per group, slightly above the minimum

threshold identified by the simulation to account for incomplete or invalid submissions.

B. Bootstrap Analysis of Demographic Profile Comparisons

The significance tests associated with the Pearson and Spearman coefficients reported in Table 4 evaluate

whether each individual model–group correlation differs from zero. They do not establish whether the

demographic group with the highest observed correlation is significantly better aligned with the model

than the alternative groups. We therefore performed ahierarchical bootstrap analysis to quantify the

uncertainty of the profile comparisons.

17

The quality-control items were subsequently removed from all analyses and are not part of the dataset reported in the

following sections.



For each of 10,000 bootstrap replicates, we resampled annotators with replacement within each

demographic group and resampled the 124 evaluation items with replacement. The resampled items

were used for all four groups, preserving the paired structure of the comparisons. Group profiles were

reconstructed in each replicate, and Pearson correlations between each LLM and each demographic

profile were recomputed. We then calculated bootstrap confidence intervals for the pairwise differences

between correlations. Bootstrap-based two-sided 𝑝-values were also computed for all six pairwise

comparisons between demographic groups and adjusted within each model using Holm’s correction.

The procedure accounts for uncertainty arising from both the sampled annotators and the sampled

evaluation items.

Table 5 summarises the stability of the demographic profile with the highest Pearson correlation for

each model. The selection frequency is the proportion of the 10,000 bootstrap replicates in which the

reported group obtained the highest Pearson correlation among the four profiles. It therefore indicates

how consistently the same group remains the highest-alignment profile when annotators and items are

resampled, but should not be interpreted as a probability that the assignment is correct or as a test of

statistical significance.

The runner-up is defined as the demographic group with the second-highest Pearson correlation in

the original sample. We report Δ𝑟 as the difference between the Pearson correlation of the highest-

alignment profile and that of the runner-up. This represents the most conservative pairwise comparison,

because the runner-up is the closest observed alternative to the highest-alignment profile. The 95%

bootstrap confidence interval quantifies the uncertainty of this difference: an interval including zero

indicates that the two profiles cannot be statistically distinguished.

Model Highest profile Selection freq. Δ𝑟 vs. runner-up [95% CI]

Gemini 2.5-Flash W ≥ 35 33.6% 0.003 [−0.047, 0.048]
Gemma 3-12B M < 35 38.8% 0.009 [−0.046, 0.066]
GPT-4o M < 35 43.0% 0.003 [−0.038, 0.046]
GPT-5 M < 35 74.0% 0.021 [−0.021, 0.070]
GPT-5-nano M < 35 39.6% 0.004 [−0.060, 0.072]
Llama 3.3-70B W < 35 55.2% 0.005 [−0.044, 0.057]
Qwen3-14B W ≥ 35 59.3% 0.014 [−0.044, 0.068]

Table 5
Hierarchical bootstrap analysis of the demographic profiles with the highest observed Pearson correlation.
Selection frequency reports the proportion of the 10,000 bootstrap replicates in which the reported group
obtained the highest Pearson correlation. Δ𝑟 is the observed difference between the highest-alignment profile
and the runner-up. All 95% confidence intervals include zero.

The results show different degrees of stability across models. GPT-5 exhibits the clearest tendency:

Men < 35 remain the highest-correlated profile in 74.0% of the bootstrap replicates. Qwen3-14B and

Llama 3.3-70B show moderately stable tendencies toward Women ≥ 35 and Women < 35, respectively.

By contrast, the selection frequencies for Gemini, Gemma 3-12B, GPT-4o, and GPT-5-nano are more

evenly distributed across demographic groups, indicating uncertainty in their descriptive profile matches.

Nevertheless, the 95% confidence interval for the difference between the highest and second-highest

correlations includes zero for every model. The set of pairwise comparisons, including the Holm-adjusted

tests, leads to the same conclusion: no model’s highest Pearson correlation is significantly greater than

its correlations with all three alternative demographic profiles. Accordingly, the demographic profiles

discussed in the main text represent relative alignment tendencies rather than statistically unique or

categorical assignments.

Complementary stability under Spearman correlation and MAE. Although Pearson correlation

serves as the primary criterion for descriptive profile identification, we also use the same bootstrap

replicates to assess the stability of the profile matches under Spearman correlation and MAE. For each

replicate, we record the demographic group obtaining the highest Spearman correlation and the group

obtaining the lowest MAE, respectively. The resulting selection frequencies are reported in Table 6.



These frequencies provide a descriptive indication of how consistently each complementary metric

identifies the same closest-matching group under resampling. Unlike the Pearson-based analysis above,

we do not use these results to perform pairwise inferential comparisons between profiles. They should

therefore not be interpreted as tests of statistical significance or as probabilities that a demographic

assignment is correct.

Model Spearman MAE

Highest profile Selection freq. Closest profile Selection freq.

Gemini 2.5-Flash M ≥ 35 51.9% W ≥ 35 48.3%
Gemma 3-12B M < 35 34.9% W < 35 43.1%
GPT-4o M < 35 46.0% W ≥ 35 66.0%
GPT-5 M < 35 71.1% M < 35 56.7%
GPT-5-nano W ≥ 35 39.5% W ≥ 35 59.1%
Llama 3.3-70B W < 35 34.8% W ≥ 35 65.6%
Qwen3-14B W ≥ 35 66.3% W ≥ 35 86.9%

Table 6
Complementary bootstrap stability under Spearman correlation and MAE. For Spearman, selection frequency is
the proportion of bootstrap replicates in which the reported group obtains the highest correlation. For MAE,
it is the proportion of replicates in which the reported group obtains the lowest error. These frequencies are
descriptive and are not tests of statistical significance.
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