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Abstract

Gender inequality remains a persistent structural feature of
the labour market, shaping women’s lifetime earnings and
economic security. As artificial intelligence (AI) transforms
organisational practices, there is growing concern that exist-
ing disparities may be unintentionally amplified through task
automation, unequal access to upskilling opportunities, and
differential returns obtained from technological change. In
this paper, we examine how exposure to AI-driven innova-
tion varies across male- and female-dominated occupations,
with particular attention to differences across the skill and
wage distribution. Using a novel dataset that links occupa-
tional characteristics to measures of AI exposure, we anal-
yse how recent advances in Large Language Models (LLMs)
and broader AI technologies are distributed across the labour
market. Our findings show that, while AI exposure is gener-
ally concentrated in higher-skilled and higher-paid occupa-
tions for male-dominated occupations, female-dominated oc-
cupations display relatively uniform levels of exposure across
both high-skilled, high-paid, and low-skilled, low-paid oc-
cupations. Moreover, we find that LLM-related exposure is
higher in female-dominated occupations, while exposure to
broader AI innovation remains more concentrated in male-
dominated occupations. A triangulation of these results with
existing literature suggests that women, particularly those in
the most vulnerable positions (lower-skilled and lower-paid
female-dominated occupations), may face greater exposure
to forms of AI associated with task automation, job restruc-
turing, reduction of wages and limited career progression.

Project page —
https://social-dynamics.net/ai-impact/gender/

1 Introduction
Inequalities in labour markets, such as occupational segrega-
tion (i.e., the unequal distribution of men and women across
different occupations and industries)(European Institute for
Gender Equality 2025; European Commission 2022), the
under-representation of women in higher-paying and senior
roles (Cook 2024), and the effects associated with mother-
hood and caring responsibilities (Office for National Statis-
tics 2025), remain among the most persistent and structural
forms of gender discrimination, shaping women’s lifetime

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

earnings, career progression, and long-term economic secu-
rity. Despite sustained policy attention, these disparities con-
tinue to characterise labour markets across the world.

As AI increasingly transforms organisational practices,
there is a growing risk that existing inequalities may be
unintentionally reinforced. This may occur through several
mechanisms, including the automation of tasks dispropor-
tionately performed by women, unequal access to reskilling
and upskilling opportunities, or biases embedded in data-
driven and algorithmic decision-making systems used for
hiring, performance monitoring or promotions (Maryam
Yaqub 2026).

Existing research on the gender-differentiated effects of
AI has primarily focused on identifying the AI exposure of
different occupations (World Economic Forum 2025; Inter-
national Labour Organization 2025, 2026; Jobs and Skills
Australia 2025) and whether those occupations are male or
female-dominated. However, less is known about how dif-
ferent forms of AI exposure are distributed across the wage
and skill structure of male- and female-dominated occupa-
tions, and, crucially, how these patterns map onto inequality.
Lower-paid and lower-skilled workers (who typically have
weaker bargaining power, more limited access to training,
and greater employment insecurity) may be disproportion-
ately exposed to AI-related automation and restructuring.
Breaking down exposure at this level is therefore essential
to identify impact within the most vulnerable groups.

In this paper, we examine how exposure to AI-driven in-
novation varies across male- and female-dominated occu-
pations, with particular attention to differences across the
skill and wage distribution. To investigate these issues, we
construct a novel dataset linking occupational characteris-
tics with measures of AI exposure. Specifically, we combine
O*NET occupational data (see Section 3.1) with U.S. Cen-
sus data on gender-disaggregated income distributions (see
Section 3.2). Unlike prior studies relying on a single mea-
sure of AI exposure, we combine two complementary in-
dices that capture distinct technological paradigms: the An-
thropic Index (see Section 3.4), which captures Large Lan-
guage Models (LLM)-related exposure associated with re-
cent advances in generative AI, and the Artificial Intelli-
gence Index (AII) (see Section 3.3) (Septiandri, Constan-
tinides, and Quercia 2024), which captures exposure to
broader AI innovation (e.g. robotics) based on patent data.
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Our results show that while AI exposure for male-
dominated occupations is often associated with higher-
skilled and higher-paid occupations, this relationship does
not hold within female-dominated occupations. Instead, AI
exposure in these occupations is distributed more evenly
across the skill and wage spectrum. Moreover, we find that
LLM-related exposure is higher in female-dominated occu-
pations, while exposure to broader AI innovation remains
more concentrated in male-dominated occupations.

It’s important to note that AI exposure does not neces-
sarily imply realised automation or displacement effects.
Rather, exposure measures capture the extent to which oc-
cupational tasks are likely to be affected by AI systems,
whether through augmentation, restructuring, or automation.

Therefore, to interpret our findings, we triangulate our
empirical results with insights from the existing literature
on AI and labour markets. This combined analysis sug-
gests that, while men are more likely to benefit from AI
as a complement to high-skilled work, women, particularly
those in lower-skilled and lower-paid, female-dominated oc-
cupations, are more exposed to forms of AI associated with
task automation and job restructuring. In these occupations,
AI exposure is less likely to translate into productivity-
enhancing augmentation and more likely to involve the re-
organisation or substitution of tasks, increasing the risk
of reduced wages, limited career progression and job dis-
placement. Existing evidence also suggests that participa-
tion in adult learning and training is substantially lower
among low-skilled workers (Organisation for Economic Co-
operation and Development 2018), reducing opportunities
for upskilling and adaptation to technological change. Taken
together, these patterns suggest that AI adoption may gen-
erate uneven labour market effects, disproportionately ex-
posing women in more vulnerable positions to displacement
risks, reduced wages, and constrained career advancement.

The remainder of the paper is structured as follows. Sec-
tion 2 reviews related literature. Section 3 describes the ex-
perimental setup. Section 4 describes the data integration
methodology. Section 5 presents the empirical results. Sec-
tion 6 discusses the work and limitations, and Section 7 con-
cludes.

2 Literature Review
A growing body of literature examines how technological
change, digitalisation, and more recently AI, may affect gen-
der disparities in the labour market (Maryam Yaqub 2026).
While technological innovation can increase productivity
and create new opportunities, existing evidence suggests that
unequal access to technology, differences in adoption, and
occupational segregation may widen existing gender gaps in
wages, employment, and career progression.

Gender differences in the adoption of AI and digital
technologies: Recent studies show consistent gender dif-
ferences in the adoption and use of emerging technologies,
particularly LLMs. Using U.S. survey data, Aldasoro et al.
(2024) find that men report substantially higher use of gen-
erative AI tools than women (50% versus 37%). The authors
identify differences in knowledge about the technology as

the primary driver of this gap, accounting for roughly three-
quarters of the difference, with the remainder explained by
gender differences in trust and privacy concerns. Women,
on average, report higher perceived risks and lower levels of
trust in AI systems.

Cross-country evidence confirms that these patterns are
widespread. Otis et al. (2024), analysing results from 18
studies covering more than 140,000 individuals globally,
found that women consistently adopt generative AI tools
at lower rates across most regions, sectors, and occupa-
tions. The authors warn that persistent differences in adop-
tion may create a self-reinforcing cycle. Lower participation
of women in AI use may lead to systems trained on data
that insufficiently reflect women’s needs and preferences,
potentially reinforcing existing inequalities in economic out-
comes.

Tang et al. (2025) show how differences in usage translate
into differences in productivity gains. Male researchers use
generative AI tools more frequently and experience larger
efficiency improvements from their use. Such differences in
productivity gains may, over time, contribute to widening
performance-based pay differences and career progression.

Unequal access to high-paying technology-intensive
roles: Beyond differences in adoption, several studies high-
light unequal access to technology-intensive jobs as an im-
portant mechanism through which innovation may affect
gender gaps. Tambe and Yang (2025) show that women are
less likely to apply for jobs requiring expertise in newly
emerging technologies, even when controlling for qualifica-
tions. Because these positions tend to offer higher wages and
stronger career progression, women’s under-representation
in such roles contributes to widening pay differences within
the IT sector. These findings are consistent with broader
evidence on occupational segregation, which shows that
women remain under-represented in technical fields (World
Economic Forum 2023). As technological change often in-
creases returns to specialised skills, unequal participation in
these occupations may translate directly into unequal wage
growth.

AI exposure, automation and wage inequality: Em-
pirical evidence on the labour-market effects of AI expo-
sure provides mixed results, but several studies suggest that
technological change can increase gender disparities under
certain conditions. Joint research from the Organisation for
Economic Co-operation and Development (OECD) and the
International Labour Organisation (ILO) of G20 labour mar-
kets shows that gender wage gaps and participation gaps re-
main substantial despite technological progress, suggesting
that innovation alone does not reduce inequality (Interna-
tional Labour Organization 2025).

Pavlenkova, Alfieri, and Masso (2024), analysing admin-
istrative data from Estonia between 2006 and 2018, found
that the introduction of automation was associated with an
increase in the gender pay gap. The authors attribute this
effect to differences in occupational structure, with women
more likely to work in roles where automation reduced
wages or limited career progression. Similar results have
been described by the World Economic Forum (WEF), the
International Labour Organisation (ILO) and the Australian



government. A 2025 WEF report (World Economic Forum
2025) indicates that automation and AI could affect a sub-
stantial share of roles in administrative and service sec-
tors by 2030. These occupations are disproportionately held
by women. ILO (International Labour Organization 2023,
2026) also finds that female-dominated occupations face
higher exposure to Gen AI-related disruption than male-
dominated ones, reflecting the combined effects of occupa-
tional segregation and task composition. A recent paper by
the Australian government (Jobs and Skills Australia 2025)
also reports that Gen AI is set to automate routine clerical
and administrative work while serving as a powerful assis-
tant for high-skilled roles.

Biases in AI systems used for recruitment and per-
formance monitoring: Policy reports increasingly highlight
the risk that AI systems may embed or amplify existing so-
cial inequalities if they are developed using biased data or
deployed in unequal labour-market contexts. OECD and The
Global Partnership on Artificial Intelligence (GPAI) (Global
Partnership on AI 2024) note that AI systems trained on his-
torical data may reproduce existing gender inequalities in
hiring, promotion, and pay, unless explicit mitigation strate-
gies are implemented. By conducting a literature analysis,
Yaqub (Maryam Yaqub 2026) also highlights the fairness
risks associated with AI systems used for recruitment, per-
formance monitoring, promotions and career progression.

AI systems for decision support: AI systems are increas-
ingly used in decision support contexts that relate to pay
and progression. LLMs are now used to assist with salary
benchmarking, negotiation preparation, performance feed-
back, and career planning. Emerging evidence suggests that
these systems can produce different outputs depending on
gendered inputs. Experimental testing has shown that iden-
tical prompts relating to salary negotiation can yield differ-
ent recommendations depending on the perceived gender of
the user. In a 2025 study (Sorokovikova et al. 2025), across
multiple tested AI models, showed how women were consis-
tently advised to seek lower salaries. While large language
models may appear neutral, they can reproduce underlying
structural patterns when generating evaluative or advisory
outputs.

AI exposure across skill and wage distribution within
male- and female-dominated occupations: A key inno-
vation of this paper is that it moves beyond existing stud-
ies that examine AI exposure in isolation and investigates
whether AI exposure differs systematically across the skill
and wage distribution within male- and female-dominated
occupations. Our goal is to study how AI will affect the
most vulnerable sectors of the population, i.e., those with
lower skills and lower pay. Empirically, our findings re-
veal an important asymmetry that is largely absent from the
current literature: AI exposure in male-dominated occupa-
tions is concentrated in higher-skilled and higher-paid roles,
whereas exposure within female-dominated occupations is
distributed more evenly across the wage and skill spectrum,
including lower-paid and lower-skilled work. This not only
means that AI is likely to affect female-dominated occupa-
tions, as previous literature has highlighted, but that it will
affect women in the most vulnerable positions.

3 Experimental Set-Up
In this section, we describe the datasets used for experimen-
tation as well as the indices selected to quantify AI exposure
across occupations.

3.1 O*NET
Occupational characteristics are obtained from the ONET
database (O*NET Resource Center and National Center for
O*NET Development 2023), maintained by the U.S. De-
partment of Labour. ONET provides detailed information on
the content of work for nearly 1,000 occupations classified
according to the US Standard Occupational Classification
(SOC code) system. For each occupation, the database re-
ports a set of workplace tasks describing the activities typ-
ically performed on the occupation, together with an im-
portance score that reflects their relevance within the occu-
pation. Tasks are categorised as core or supplemental de-
pending on their importance and relevance for a given oc-
cupation. In addition to task information, the dataset pro-
vides quantitative measures of preparation, skills, knowl-
edge, abilities, and work context. These indicators are con-
structed from surveys of both workers and occupational ex-
perts and are designed to capture the requirements and char-
acteristics of each occupation. Table 1 shows examples of
occupations from different job zones extracted from the
O*NET database. Job zones (5 to 1) reflect the level of skills
require for an occupation.

3.2 US Census Data
Occupational and income data for the United States are
sourced from the American Community Survey (ACS), a
survey conducted by the U.S. Census Bureau (U.S. Census
Bureau 2024). The ACS provides detailed annual estimates
on the economic and social characteristics of the U.S. pop-
ulation. For this study, we utilise the 1-year estimates from
2024, which represent the latest available 1-year data.

The dataset provides insights into the workforce through
specific ’B-series’ tables that classify data using Census Oc-
cupational Classification (OCC) codes, which are aligned
with and derived from the US Standard Occupational Clas-
sification (SOC) system. We utilise tables B24124, B24125,
and B24126 to obtain the total counts of individuals in de-
tailed occupations for the full-time year-round male and fe-
male populations, respectively. These counts allow for the
calculation of gendered occupational density. Furthermore,
we incorporate median earnings data from tables B24121
(total median earnings), B24122 (male median earnings),
and B24123 (female median earnings). In table 2, we show
a sample from the US census data.

3.3 AII Index
The AI Impact Index (AII) (Septiandri, Constantinides, and
Quercia 2024) is an occupation-level measure of exposure
to Artificial Intelligence. It is defined as the proportion of
tasks within an occupation that are affected by AI. To de-
termine whether a task is exposed to AI, the original study
computes the cosine similarity between textual descriptions
of AI-related patents and occupational task descriptions. A



Sector Occupation Job Zone Example Task

Health care and social assistance Orthodontists 5 Provide patients with proposed treatment plans and cost estimates.
Information Software Developers 4 Develop or direct software system testing or validation procedures.
Construction Electricians 3 Disassemble defective electrical equipment, replace defective or worn parts, and re-

assemble equipment, using hand tools.
Manufacturing Industrial Truck and Tractor Operators 2 Manually or mechanically load or unload materials from pallets, skids, platforms,

cars, lifting devices, or other transport vehicles.
Accommodation and food services Waiters and Waitresses 1 Collect payments from customers.

Table 1: Examples of O*NET occupations with corresponding sector, job zone, and task.

Occupation
Estimated
number
of males

Estimated
number
of females

Estimated Median
Earnings Males

Estimated Median
Earnings Females

Chief executives 1,018,958 434,992 191,756$ 151,010$
Marketing managers 216,507 355,414 106,963$ 93,869$
Financial managers 632,871 774,201 124,972$ 82,680$

Table 2: A sample from U.S. Census data, extracted from
tables B24125, B24126, B24122, and B24123, showing oc-
cupations (U.S. SOC descriptions), the estimated number of
males and females, and the estimated median annual earn-
ings by gender.

task is considered exposed if its highest similarity score with
any AI patent exceeds the threshold corresponding to the
90th percentile of the similarity distribution. Occupational
task structures and task descriptions are obtained from the
O*NET database (O*NET Resource Center and National
Center for O*NET Development 2023).

Patented software and applications often require several
years before being implemented in real-world work envi-
ronments. Therefore, the AII index does not necessarily re-
flect current occupational shifts but rather potential future
shifts. Moreover, LLMs, currently among the most widely
recognised and utilised AI technologies, are frequently not
patented (OpenAI 2025, 2024; Bai et al. 2022). Some are
released as open-source systems, while others remain pro-
prietary. As a result, relying on patents to measure AI expo-
sure does not necessarily capture the immediate impact of
LLMs on occupations; instead, it provides an indication of
broader AI impact. To capture how different occupations are
exposed to LLM-related innovation, we use the Anthropic
Index, explained below.

3.4 Anthropic Index

In March 2026, Anthropic released a new report (La-
bor market impacts of AI: A new measure and early evi-
dence) and with it, a new occupation-level AI exposure in-
dex. The Anthropic Index corresponds to the occupation-
level observed exposure score released by Anthropic
(Massenkoff and McCrory 2026b,a; Anthropic 2026).

This score is constructed from the previous two Anthropic
Economic Index datasets, covering Claude usage data from
August 2025 and November 2025. These data comprise 2
million Claude.ai observations and 2 million first-party API
observations, and task coverage is defined using a mini-
mum threshold of 100 work-related uses, corresponding to
0.0025% of total traffic (Massenkoff and McCrory 2026a,b).

4 Data Integration
In this section, we describe the process of data integration
to obtain gendered disaggregated information for different
occupations.

Data from the U.S. Census Bureau are classified accord-
ing to the Census Occupational Classification (OCC) sys-
tem, which constitutes the Bureau’s own occupational cod-
ing scheme. To ensure comparability with other occupa-
tional datasets, the U.S. Census Bureau provides an offi-
cial crosswalk that maps Standard Occupational Classifica-
tion (SOC) codes to OCC codes. In contrast, the O*NET
database identifies occupations using the O*NET-SOC cod-
ing system. This classification is more granular than the
standard SOC system, as it splits several SOC occupations
into more detailed categories, resulting in a larger number
of occupational entries. Since both AI exposure indices are
constructed using the O*NET classification, two mapping
steps are required to align them with Census data: (1) from
O*NET-SOC codes to SOC codes and (2) from SOC codes
to OCC codes.

4.1 AII Index
The AII index is available for 873 out of the 923 occupa-
tions identified in the O*NET classification. When mapping
O*NET-SOC codes to U.S. Census OCC codes, 517 out of
570 OCC occupations are successfully matched to a corre-
sponding SOC code with an associated AII value. The re-
maining 53 occupations do not have AII data available.

Because some OCC codes map to multiple SOC codes,
the corresponding AII value is computed as the Geometric
Exposure Index (see Section 4.3) of the AII scores of the
matched SOC occupations. Dispersion in AII values may
arise when aggregating across classifications. To limit ag-
gregation noise and ensure consistency across mappings,
we exclude occupations for which the standard deviation
of the associated AII values exceeds a predefined thresh-
old (σ > 0.15). This value represents a moderate disper-
sion threshold for an index bounded between 0 and 1. Re-
sults are robust to alternative cutoffs (e.g., 0.10 or 0.20).
This procedure results in the exclusion of five occupations
from the sample. Occupations with missing values in rele-
vant columns (e.g., number of female workers) were filtered
out.

The final dataset, combining U.S. Census data with the
AII index, includes 505 occupations. The AII series in Fig-
ure 1 shows broad sectoral coverage, with 86.1% of detailed
Census occupations preserved in the filtered occupation-
level dataset. Coverage exceeds 80% in nearly all sectors and
reaches 100% in several cases. The only notable shortfall is



Transportation (63.6%), while Military Specific is entirely
absent, likely due to limited underlying data availability.

4.2 Anthropic Index
The Anthropic Index is matched to US census occupations
using the occupation-level observed exposure score
described above. It is available for 756 out of the 923 occu-
pations identified in the O*NET classification. When map-
ping O*NET-SOC codes to U.S. Census OCC codes, 414
out of 570 OCC occupations are successfully matched to a
corresponding SOC code with an associated Anthropic In-
dex value. The remaining 156 occupations do not have An-
thropic data available.

Because some OCC codes map to multiple SOC codes,
the corresponding Anthropic Index value is computed as
the Geometric Exposure Index (see Section 4.3) of the An-
thropic Index scores of the matched SOC occupations.

Our final analytical sample retains 394 out of 570 U.S.
Census occupations, as gender-disaggregated data are miss-
ing for 20 of the matched occupations. The Anthropic series
in Figure 1 shows that sectoral coverage is at least 50% in
every sector except Military Specific, which is entirely ab-
sent.

4.3 Geometric Exposure Index
As discussed in the previous sections, some OCC codes cor-
respond to multiple SOC codes. To assign a single expo-
sure value to each OCC code, we aggregate the correspond-
ing SOC exposure values. Specifically, we compute a unique
AII value and a unique Anthropic Index value for each OCC
code using the Geometric Exposure Index (GEI).

The distributions of both AII and the Anthropic Index are
right-skewed, exhibiting long tails. Because they are not nor-
mally distributed, the mean is not a reliable summary statis-
tic. While the geometric mean is better suited to skewed dis-
tributions, it introduces another issue: it requires all values
to be strictly positive. In both AII and the Anthropic Index,
however, zero values occur, representing occupations with
no exposure to AI. To address this limitation, we propose
the Geometric Exposure Index, which integrates the robust-
ness of the geometric mean with the interpretability of the
expected value.

Prevalence:
p = P (AI Index > 0) = 1− P (AI Index = 0) (1)

where AI Index is the index considered (Anthropic or AII),
and P is the probability, i.e. the frequency, of AI Index >
0.

Conditioned Intensity: geometric mean on positive val-
ues only.
GM+ = exp

(
mean(log(AI Index) | AI Index > 0)

)
(2)

Geometric Exposure Index:
GEI = p ·GM+ (3)

The GEI can be interpreted as an expected value:
E[AI Index] = p · E[AI Index | AI Index > 0] (4)

where E[AI Index | AI Index > 0] is the mean of posi-
tive values.

5 Data Analysis
In this section, we present the analyses conducted using the
integrated dataset. We examine two main relationships: (i)
the association between occupational gender composition
and exposure to AI, and (ii) the relationship between occu-
pational skill and wage levels and exposure to AI.

5.1 Occupational Gender Composition and AI
Exposure

In our first analysis, our aim was to observe whether occu-
pations with a higher number of women (female-dominated
occupations) would be more or less exposed to AI than oc-
cupations with a higher number of males (male-dominated
occupations).

Table 3 presents examples of occupations with a high
male share. These include bus and truck mechanics and
diesel engine specialists, heating, air conditioning, and re-
frigeration mechanics and installers, as well as electric mo-
tor, power tool, and related repairers, among others. These
occupations are typically associated with technical or man-
ual skill requirements and have historically shown low fe-
male participation. Examples of occupations with a high fe-
male share (see Table 4) include nurse midwives, skin care
specialists, speech-language pathologists, legal secretaries
and administrative assistants, and childcare workers. These
occupations are more frequently concentrated in care, ad-
ministrative, and service-related activities, which have tradi-
tionally employed a larger proportion of women.

The distribution shown in these tables highlights the per-
sistent occupational segregation in the labour market, with
men and women concentrated in different types of roles.

Rank Occupation SOC Code % Females % Males No. Workers

1 Elevator and escalator installers and
repairers

47-4021 0.6 99.4 27775 (0.03%)

2 Earth drillers, except oil and gas 47-5023 1.3 98.7 23261 (0.03%)
3 Automotive glass installers and re-

pairers
49-3022 1.5 98.5 13874 (0.02%)

4 Crane and tower operators 53-7021 1.6 98.4 55344 (0.07%)
5 Bus and truck mechanics and diesel

engine specialists
49-3031 1.6 98.4 262702 (0.32%)

6 Plasterers and stucco masons 47-2161 1.6 98.4 15444 (0.02%)
7 Heating, air conditioning, and re-

frigeration mechanics and installers
49-9021 1.7 98.3 440629 (0.53%)

8 Electric motor, power tool, and re-
lated repairers

49-2092 1.8 98.2 18403 (0.02%)

9 Millwrights 49-9044 1.8 98.2 41668 (0.05%)
10 Plumbers, pipefitters, and steamfit-

ters
47-2152 1.8 98.2 521656 (0.63%)

Table 3: Occupations (having 0–39% females) ranked by %
males. Values in parentheses in the No. Workers column re-
port the percentage of all workers in the dataset present in
each occupation.

The results of our analysis are presented in Figure 2.
For the Anthropic Index (Figure 2a), the pattern is non-
monotonic. Mixed occupations (40 − 59% female) exhibit
the highest values, while male-dominated occupations have
the lowest, and female-dominated occupations lie in be-
tween. ANOVA test confirmed statistically significant dif-
ference between distributions (F = 18.39, p < 0.001).
Pairwise comparisons through Tukey test show that male-
dominated occupations have significantly lower Anthropic



Figure 1: Coverage of sector-classified detailed U.S. Census occupations in the AII and Anthropic occupation-level datasets.
For each sector, the upper blue bar reports AII coverage and the lower gray bar reports Anthropic coverage.

(a) Anthropic Index (b) AII

Figure 2: AI exposure across intervals of the female share of workers. Error bars represent 95% confidence intervals. Occupa-
tions with predominantly female workers (more than 60%) tend to exhibit higher Anthropic Index values (74.3 vs. 24.3) but
lower AII values (62.05 vs. 77.73) than occupations with relatively few female workers (less than 40%).

Rank Occupation SOC Code % Females % Males No. Workers

1 Skincare specialists 39-5094 98.3 1.7 52438 (0.06%)
2 Speech-language pathologists 29-1127 95.3 4.7 139011 (0.17%)
3 Legal secretaries and administrative

assistants
43-6012 94.9 5.1 42667 (0.05%)

4 Childcare workers 39-9011 94.5 5.5 402669 (0.49%)
5 Executive secretaries and executive

administrative assistants
43-6011 93.1 6.9 230479 (0.28%)

6 Medical secretaries and administra-
tive assistants

43-6013 93.0 7.0 83322 (0.10%)

7 Dental assistants 31-9091 92.6 7.4 197365 (0.24%)
8 Secretaries and administrative as-

sistants, except legal, medical, and
executive

43-6014 92.5 7.5 1444384 (1.75%)

9 Dental hygienists 29-1292 90.4 9.6 93601 (0.11%)
10 Medical assistants 31-9092 90.3 9.7 503025 (0.61%)

Table 4: Occupations (having 60–100% females) ranked by
% females. Values in parentheses in the No. Workers col-
umn report the percentage of all workers in the dataset rep-
resented by each occupation.

Index values than both mixed and female-dominated occu-
pations (p < 0.001).

In contrast, occupations with a higher female share are
associated with lower AII values. Male-dominated occupa-
tions exhibit the highest exposure, followed by mixed oc-
cupations, with female-dominated occupations having the
lowest exposure. The Kruskal-Wallis test confirms a statisti-
cally significant difference between groups (H = 7.99, p <
0.05), and Dunn’s post-hoc test indicates a significant differ-
ence between male-dominated and female-dominated occu-
pations (p < 0.05).

This pattern indicates that recent advances in large lan-
guage models (LLMs), captured by the Anthropic Index, are
more strongly associated with occupations with higher fe-
male representation, while broader measures of AI innova-
tion, as captured by the AII, remain concentrated in male-



dominated occupations. Our literature review shows that the
use of LLMs in female-dominated occupations, such as cler-
ical and administrative roles, is associated with higher risks
of automation, task restructuring, wage reductions, and lim-
ited career progression (Jobs and Skills Australia 2025; In-
ternational Labour Organization 2023; World Economic Fo-
rum 2025; Pavlenkova, Alfieri, and Masso 2024).

Even in occupations where LLMs may generate produc-
tivity gains, the literature highlights that men tend to expe-
rience larger productivity gains from their use (Tang et al.
2025). This suggests that, even when LLMs augment rather
than replace labour, men may capture a disproportionate
share of the resulting benefits.

5.2 Occupational Skill and Wage levels and AI
Exposure

In this section, we analyse whether exposure to AI dif-
fers across occupations with different skill requirements and
wage levels. Specifically, we examine whether high-skill and
high-pay occupations are more or less exposed to AI than
occupations characterised by lower skill requirements and
lower earnings. This analysis is important because the dis-
tribution of AI exposure across the wage and skill structure
of the labour market may influence future inequality. Under-
standing this relationship is therefore essential for assessing
how AI may affect both overall wage inequality and gender
disparities, given the uneven distribution of men and women
across occupations with different skill and pay levels.

SW score To measure the level of skill and wage asso-
ciated with an occupation, we propose the SW score. The
O*NET database provides information on the level of prepa-
ration required for each occupation. In particular, occupa-
tions are classified into five categories, known as Job Zones,
which reflect the levels of education, experience, and train-
ing typically required to perform the job. To identify the
most skilled and well-paid occupations, we constructed a
composite measure that accounts for both the level of prepa-
ration required (as captured by the Job Zone classification)
and the median annual earnings associated with each occu-
pation, obtained from U.S. Census data. The measure, called
the SW score, is obtained through sequential steps:

1. Earning normalisation: To limit the influence of ex-
treme values, while allowing differences to be interpreted
in proportional terms, earning is first log-transformed.
This transformation also improves comparability with
the discrete Job Zone measure when constructing the
composite SW score:

eo = log(earningo) (5)

where o indicates the occupation.
2. Standardisation: The job training and education re-

quirements are based on O*NET’s job zones, which clas-
sify occupations by the level of education, training, and
experience required, ranging from zone 1 (minimal edu-
cation and training, e.g., dishwashers) to zone 5 (exten-
sive education training, e.g., surgeons). For clarity, we
rephrased O*NET’s original “job zones” as “job training
and education requirements”.

Earning and skill requirements (job zone) are converted
into z-scores:

zearning
o =

eo − µe

σe
, (6)

zskilled
o =

job trainingo − µs

σs
, (7)

where µe and σe denote the mean and standard deviation
of earnings, and µs and σs denote the mean and standard
deviation of the job zone skill requirement.

3. Combination: The SW score is defined as a weighted
average of the two standardised components:

SWo = w zearning
o + (1− w) zskilled

o (8)

where w = 0.6 assigns slightly greater importance
to earning. Both components capture complementary
dimensions of an occupation, but earnings provide a
market-based valuation of skills and are therefore given
slightly higher weight.

SW Analysis Using the SW score, we examine how ex-
posure to AI is distributed along the occupational skill and
wage structure for both female-dominated (see Figure 4) and
male-dominated occupations (see Figure 3).

For male-dominated occupations, statistically significant
differences in exposure are observed across skill and wage
levels when using both the Anthropic Index (LLM-based
exposure) (F = 16.18, p > 0.01) and AII index (F =
8.35, p < 0.05). This suggests that, within male-dominated
occupations, current exposure to LLMs and general AI is not
evenly distributed across the skill and wage spectrum, but
more concentrated in higher-skilled and higher-paid roles.

For female-dominated occupations, a different pattern
emerges. Both Anthropic and AII indexes suggest a
more uniform distribution of AI exposure across female-
dominated occupations, regardless of skill and wage lev-
els. Statistical tests were not significant for both the indexes
(p > 0.05), confirming the hypothesis. This indicates that
AI-related changes will affect a broader range of occupa-
tions, including those characterised by lower skill require-
ments and lower pay.

Our analysis of occupations within the lowest and high-
est SW bins (see Tables 5, 6, 7, 8 for examples) reveals that
female-dominated occupations in the lowest SW scores are
predominantly concentrated in the administrative and ser-
vice sectors. To interpret these patterns, we compare the oc-
cupational composition of our SW bins with classifications
and examples reported in prior studies on AI and automation
exposure, including the JSA report (Jobs and Skills Australia
2025), the World Economic Forum Future of Jobs analysis
(World Economic Forum 2025), and the ILO evidence on
generative AI exposure (International Labour Organization
2023; Gmyrek et al. 2025). This comparison is conducted
by semi-automatically mapping occupations in our dataset
to the occupational groups and exemplar roles discussed in
these studies, allowing us to assess whether occupations in
the different SW bins correspond to those previously iden-
tified as highly exposed to AI-driven automation and/or are
considered declining jobs.



First, occupation titles were extracted from the relevant
reports and matched against the occupation names in our
dataset using automated textual matching techniques, in-
cluding exact matching and Levenshtein distance. Follow-
ing this initial mapping stage, the automatically generated
matches were manually reviewed to validate semantic cor-
respondence between occupations and to remove incorrect
or ambiguous mappings. For occupations that could not
be matched through automated textual similarity, additional
manual assessment was conducted to identify equivalent or
closely related occupational categories based on occupa-
tional descriptions and task profiles. This process enabled a
comparison between the occupations identified in our anal-
ysis and those previously characterised as exposed to AI-
driven automation or projected as growing or declining (see
Figure 5 for examples of such occupations).

This triangulation shows a strong overlap between low-
SW female-dominated occupations in our data and the ad-
ministrative and service roles that the literature consistently
identifies as most susceptible to routine task automation
and restructuring. These patterns suggest that women con-
centrated in these occupations are more likely to face el-
evated risks of job displacement and task substitution. At
the same time, the literature indicates that participation in
adult learning and training is significantly lower among low-
skilled workers (Organisation for Economic Co-operation
and Development 2018), which further constrains their abil-
ity to adapt through upskilling or reskilling. Taken together,
these findings point to the direction that workers in low-SW
female-dominated occupations may face compounded vul-
nerability arising from both higher AI exposure associated
with automation and job displacement and weaker access to
adaptive labour-market mechanisms.

6 Discussion
This paper investigates AI exposure across male- and
female-dominated occupations, with particular attention to
differences across the wage and skill distribution. Our find-
ings suggest that while AI exposure in male-dominated oc-
cupations is more strongly concentrated in high-skilled and
high-paid occupations, exposure within female-dominated
occupations is distributed more evenly across both high-
skilled, high-paid and low-skilled, low-paid occupations.
This distinction is important because lower-skilled and
lower-paid workers are typically more vulnerable to labour-
market disruption due to factors such as weaker bargaining
power, lower access to training and reskilling opportunities,
and greater employment insecurity. Combined with existing
evidence from the literature, our results suggest that women
in these more vulnerable positions are disproportionately ex-
posed to forms of AI associated with task automation and
job restructuring, rather than productivity-enhancing aug-
mentation. As a result, AI adoption may place women in
lower-paid and lower-skilled occupations at greater risk of
displacement, constrained wages and career progression.

An additional contribution of this work is the distinc-
tion between different forms of AI. By combining an LLM-
specific exposure index (Anthropic) with a broader AI in-
novation index (AII), the analysis highlights that differ-

ent AI technologies may affect workers in different ways.
Female-dominated occupations show higher exposure to
LLM-related technologies, whereas broader AI innovation
remains more concentrated in male-dominated occupations.

Our findings should, however, be interpreted in light of
several limitations. The Anthropic Index is based on a rel-
atively short observation window (Anthropic 2026), which
may limit its ability to capture stable and representative pat-
terns of LLM use across occupations. This index is con-
structed from an analysis of Claude conversations, where
classifiers map interactions to occupational tasks using the
U.S. O*NET taxonomy. This is therefore a usage-based,
platform-specific measure of realised LLM interaction. Dif-
ferent LLMs may exhibit different patterns of adoption and
use.

Regarding the AII, this index relies on patent data. While
patents provide useful insight into the direction of techno-
logical development, not all patented innovations are ulti-
mately deployed in practice, and the timing and scale of
adoption remain uncertain.

These two AI exposure indices do not cover identical sets
of occupations, which constrains direct comparability be-
tween different measures of AI exposure. This limitation is
particularly relevant when interpreting differences between
LLM-specific exposure and broader AI-related innovation
trends. More fundamentally, both indices measure poten-
tial exposure to AI rather than realised labour-market out-
comes. They do not directly capture whether AI adoption
leads to task augmentation, task automation, productivity
gains, wage growth, or job displacement. To help interpret
the possible implications of different exposure patterns, we
triangulate our empirical findings with evidence from the
literature. We compare the occupations identified as highly
exposed in our analysis with prior empirical studies exam-
ining whether AI exposure in similar occupational contexts
has been associated with augmentation-oriented outcomes
or with automation-related outcomes (e.g., routine task sub-
stitution and displacement risks), and/or whether listed oc-
cupations are considered growing or declining.

It is also important to note that our analysis focuses on
existing occupations and does not capture the emergence of
new occupations or shifts in occupational composition over
time. These limitations underline the need for continued em-
pirical research on the long-term relationship between AI
exposure and labour-market inequality. Nevertheless, our
findings suggest that AI may disproportionately increase
risks for women in more vulnerable labour-market positions.
This highlights the importance of targeted upskilling and
reskilling programmes for women in high-exposure occu-
pations, particularly in administrative and professional ser-
vices roles, alongside systematic gender-disaggregated mon-
itoring of pay and career progression in AI-intensive sectors
to support timely policy intervention.

7 Conclusions
This paper investigates how different occupations are ex-
posed to AI and how this may affect existing gender inequal-
ities in the labour market, with particular attention to differ-
ences across the skill and wage distributions. This contribu-



(a) Anthropic Index (b) AII

Figure 3: AI exposure by SW score interval in male-dominated occupations.

(a) Anthropic Index (b) AII

Figure 4: AI exposure by SW score interval in female-dominated occupations.

Male-dominated occupations Female-dominated occupations

Rank Occupation SOC Code SW score Rank Occupation SOC Code SW score

1 Dishwashers 35-9021 -1.950 1 Hosts and hostesses, restaurant, lounge, and coffee shop 35-9031 -2.027
2 Dining room and cafeteria attendants and bartender helpers 35-9011 -1.814 2 Fast food and counter workers 35-3023 -1.961
3 Landscaping and groundskeeping workers 37-3011 -1.572 3 Laundry and dry-cleaning workers 51-6011 -1.810
4 Ushers, lobby attendants, and ticket takers 39-3031 -1.438 4 Maids and housekeeping cleaners 37-2012 -1.802
5 Pressers, textile, garment, and related materials 51-6021 -1.356 5 Graders and sorters, agricultural products 45-2041 -1.788
6 Parking attendants 53-6021 -1.335 6 Sewing machine operators 51-6031 -1.661
7 Umpires, referees, and other sports officials 27-2023 -1.244 7 Food preparation workers 35-2021 -1.457
8 Stockers and order fillers 53-7065 -1.210 8 Childcare workers 39-9011 -1.443
9 Cleaners of vehicles and equipment 53-7061 -1.199 9 Waiters and waitresses 35-3031 -1.389

10 Other entertainment attendants and related workers 39-30XX -1.164 10 Manicurists and pedicurists 39-5092 -1.389

Table 5: Occupations in SW bin 1, ranked by lowest SW score.

Male-dominated occupations in SW bin 2 Female-dominated occupations in SW bin 2
Bin mean: −0.449 Bin mean: −0.462

Rank Occupation SOC Code SW score Rank Occupation SOC Code SW score

1 Other woodworkers 51-70XX -0.462 1 Billing and posting clerks 43-3021 -0.463
2 Exercise trainers and group fitness instructors 39-9031 -0.433 2 Postal service clerks 43-5051 -0.427
3 Conveyor, dredge, and hoist and winch operators 53-70XX -0.472 3 Title examiners, abstractors, and searchers 23-2093 -0.521
4 Embalmers, crematory operators and funeral attendants 39-40XX -0.473 4 Opticians, dispensing 29-2081 -0.392
5 Agricultural inspectors 45-2011 -0.484 5 Correspondence clerks 43-4021 -0.538
6 Sailors and marine oilers 53-5011 -0.484 6 Flight attendants 53-2031 -0.548
7 Engine and other machine assemblers 51-2031 -0.488 7 Public safety telecommunicators 43-5031 -0.573
8 Chefs and head cooks 35-1011 -0.498 8 New accounts clerks 43-4141 -0.342
9 Structural metal fabricators and fitters 51-2041 -0.502 9 Pharmacy technicians 29-2052 -0.590

10 Solar photovoltaic installers 47-2231 -0.517 10 Library technicians 25-4031 -0.592

Table 6: Occupations in SW bin 2, ranked by SW score closest to the bin mean.



Male-dominated occupations in SW bin 3 Female-dominated occupations in SW bin 3
Bin mean: 0.279 Bin mean: 0.348

Rank Occupation SOC Code SW score Rank Occupation SOC Code SW score

1 Electrical power-line installers and repairers 49-9051 0.270 1 Respiratory therapists 29-1126 0.340
2 First-line supervisors of correctional officers 33-1011 0.291 2 Recreational therapists 29-1125 0.338
3 Tool and die makers 51-4111 0.267 3 Graphic designers 27-1024 0.370
4 Biological technicians 19-4021 0.267 4 Lodging managers 11-9081 0.381
5 Exercise physiologists 29-1128 0.247 5 Administrative services managers 11-3012 0.384
6 First-line supervisors of construction trades and extraction workers 47-1011 0.242 6 Probation officers and correctional treatment specialists 21-1092 0.410
7 Avionics technicians 49-2091 0.237 7 Social science research assistants 19-4061 0.413
8 Electrical and electronic engineering technologists and technicians 17-3023 0.323 8 Insurance sales agents 41-3021 0.417
9 First-line supervisors of mechanics, installers, and repairers 49-1011 0.336 9 Executive secretaries and executive administrative assistants 43-6011 0.279

10 Crane and tower operators 53-7021 0.340 10 Directors, religious activities and education 21-2021 0.274

Table 7: Occupations in SW bin 3, ranked by SW score closest to the bin mean.

Male-dominated occupations in SW bin 4 Female-dominated occupations in SW bin 4

Rank Occupation SOC Code SW score Rank Occupation SOC Code SW score

1 Chief executives 11-1011 2.414 1 Nurse anesthetists 29-1151 2.807
2 Podiatrists 29-1081 2.390 2 Optometrists 29-1041 2.118
3 Architectural and engineering managers 11-9041 2.332 3 Pharmacists 29-1051 1.972
4 Lawyers 23-1011 2.274 4 Physician assistants 29-1071 1.924
5 Economists 19-3011 2.145 5 Veterinarians 29-1131 1.888
6 Petroleum engineers 17-2171 1.976 6 Nurse practitioners 29-1171 1.835
7 Mathematicians 15-2021 1.864 7 Clinical and counseling psychologists 19-3033 1.542
8 Computer and information research scientists 15-1221 1.853 8 Survey researchers 19-3022 1.526
9 Actuaries 15-2011 1.798 9 Audiologists 29-1181 1.462

10 Architects, except landscape and naval 17-1011 1.669 10 Physical therapists 29-1123 1.343

Table 8: Occupations in SW bin 4, ranked by highest SW score.

Figure 5: World Economic Forum, Future of Jobs Survey
2024. Image extracted from (World Economic Forum 2025).
The image has been adapted using Gemini for better visibil-
ity.

tion is significant as it moves beyond existing studies that ex-
amine AI exposure in isolation and investigates whether AI
exposure differs systematically across the skill and wage dis-
tributions within male- and female-dominated occupations.
This enables us to assess how AI may affect the most vulner-
able segments of the population, i.e., those in lower-skilled
and lower-paid positions. Our findings show that AI expo-
sure is not uniform. Within female-dominated occupations,
similar levels of AI exposure are observed across both high-
skilled, high-paid roles and low-skilled, low-paid roles. This
contrasts with the pattern observed in male-dominated oc-
cupations, where higher AI exposure tends to be concen-
trated in more skilled and better-paid occupations. These
results point to important forward-looking risks. In partic-
ular, triangulation with the existing literature suggests that
women in more vulnerable positions (i.e., lower-skilled and
lower-paid occupations) may be exposed to forms of AI that
are more likely to replace workers rather than assist them,
potentially increasing their risk of displacement and lim-
iting career progression. Additionally, AI exposure differs
depending on the type of AI considered. In particular, re-
cent advances in LLMs appear to be more closely associ-
ated with female-dominated occupations, while broader AI
innovations remain more concentrated in male-dominated
occupations. These findings have policy significance, high-
lighting the need to target reskilling and labour-market sup-
port towards groups most at risk, thereby limiting the poten-
tial for AI to widen existing inequalities. While a number
of limitations are acknowledged (see Section 6), the anal-
ysis presented in this work is supported by the integration
of complementary datasets, the use of two alternative mea-
sures of AI exposure to capture different dimensions of the
phenomenon, and the triangulation of results against the ex-
isting literature.
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This study relies exclusively on publicly available, aggre-
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sonally identifiable information. The datasets used, includ-
ing O*NET occupational descriptors, U.S. Census-based in-
come distributions, and AI exposure indices derived from
publicly available sources, are used solely for the purpose of
aggregate-level labour market analysis.

The analysis focuses on occupational categories rather
than individuals, and all results are reported at the level of
occupations or occupational groups. As such, the study does
not enable the identification of individuals and does not in-
volve direct interaction with human subjects.

A key ethical consideration in this work relates to the in-
terpretation and potential societal implications of AI expo-
sure measures. While the indices used in this study capture
potential exposure to AI-related technological change, they
do not measure realised outcomes such as job displacement,
wage changes, or productivity effects. Care has therefore
been taken to avoid deterministic interpretations of exposure
as direct evidence of harm or benefit.

Finally, we note that research on AI and labour markets
has potential policy relevance. Care has been taken to ensure
that results are communicated in a way that avoids reinforc-
ing stereotypes or implying inherent differences in ability
across gender groups.
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