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G enerative artificial intelligence (AI), technology that can create new content such as 
text, images, audio, and code, has moved from science fiction to the center of daily 
life in a matter of years. The public is still forming its sense of who builds it, who uses 

it, who understands it, whose needs it reflects, and who are the experts to trust. Across each of 
these dimensions, gender differences emerge.

This research establishes an empirical baseline for how people are experiencing generative 
AI in the United States. It combines Civic Health of Institutions Project (CHIP50) survey data 
from more than 5,000 U.S. adults, measures of online browsing behavior from the National 
Internet Observatory (NIO), a meta-analysis of more than 78,000 U.S. news articles about AI, 
and existing academic and policy research.

Taken together, the findings show a consistent pattern: women use AI less often, report less 
support for using it at work, appear less often in public discussion of AI, and are perceived as 
less well represented in its development and outputs. Key findings include:

	� In our survey, women are more likely than men to have never used AI and less likely to 
use it regularly. Desktop browsing data show no statistically significant difference between 
women and men in having ever used AI. In the same data, men who use AI spend a larger 
share of their browsing time on AI tools than women who use AI (4.6% versus 2.9%).

	� Among employed adults, women are less likely than men to report access to AI 
training, mentorship, and workplace encouragement to use AI. These forms of 
support are associated with greater AI use, confidence in using AI, and perceived 
value among both women and men.

	� Across genders, survey respondents report low trust in AI, with women reporting lower 
trust than men. Women are more likely to associate AI with concern, worry, and anxiety, 
while men are more likely to associate it with curiosity, optimism, and excitement.

	� Women are also less visible in news about AI. In our sample, men were named in AI 
headlines 14.6 times as often as women and cited as experts 4.3 times as often.

	� Across genders, respondents say men’s needs and perspectives are better represented in AI 
development and AI-generated content, while few often see women as expert voices in AI news.

These gaps do not mean that higher AI use or greater trust should be goals in themselves. The 
question is whether women have equal access to understand and use these technologies in a 
way that adds value to their lives, equal influence over how they are developed and deployed, 
and equal visibility and authority in the public conversation surrounding them.

EXECUTIVE SUMMARY
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As AI becomes more embedded in work, information, education, healthcare, and everyday 
decision-making, existing disparities may become more pervasive and consequential. These 
findings provide a baseline for identifying where those disparities are emerging and where 
action is needed.
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THE PATTERN ACROSS 
THE AI ECOSYSTEM

The gender gap in AI is often framed as a workforce issue, with women underrepresented in technical and leadership 
roles. Our research shows that gender disparities also extend beyond the industry itself.

These gaps extend beyond the AI workforce, appearing in workplace support, AI use, trust 
and uncertainty, representation, and visibility in news coverage.

Development

Women remain underrepresented in AI 
leadership and technical roles, which can 

limit their participation in decisions about 
how these technologies are built.

Access and support

Women are less likely than men to report 
workplace encouragement to use AI or access 
to AI training and mentorship.

Use

In our survey, women are more likely than men 
to have never used AI and less likely to use it 

regularly. In desktop browsing data, men who 
use AI spend a larger share of their browsing 

time on AI tools than women who use AI.

Trust and understanding

Respondents across genders report low trust 
in AI, with women reporting lower trust. 
Women are also more likely to say they are 
unsure about AI and to associate it with 
concern and anxiety.

Representation

Respondents across genders perceive men’s 
needs and perspectives as better represented 
in AI development and AI generated content.

Expertise and visibility

In news about AI, women are far less likely 
than men to be featured as leaders or expert 
sources. Men also dominate AI headlines and 
the experts cited within coverage.

ARE WOMEN BEING LEFT OUT OF AI?
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ABOUT THIS RESEARCH

A rtificial intelligence is changing how people work, seek information, and make deci-
sions daily. Evidence points to gender differences in how people engage with AI and 
in how AI represents and treats women.

The research compares how women and men use, understand, and trust AI, and what holds 
them back from using it more. It also covers workplace conditions linked to use, representa-
tion in AI, perceived and documented bias, and how AI news portrays women and men. Most 
survey respondents identified as men or women, so our analysis centers on these two groups, 
though we recognize that not everyone identifies within a gender binary.

The analysis draws on several sources of evidence,

	� CHIP50 survey data from 5,403 U.S. adults collected in July 2026.

	� Anonymized NIO browsing data from 5, 513 U.S. adults collected from July 2024 to 
December 2025 and 1,951 U.S. adults from July 13 to August 10, 2026

	� An analysis of 78,542 U.S. news articles about AI published between July 2025 and June 2026.

	� Academic and policy literature providing context for the findings.

These findings are limited to respondents who self-identify as men or women. Small sample 
sizes prevent us from drawing reliable insights about individuals who identify outside this 
gender binary, highlighting an important area for future research. Unless specified, reported 
gender differences between men and women are statistically significant.

Overall, this report highlights where gender differences are largest and provides recommen-
dations for action.
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KEY FINDINGS

USAGE 
Women report using AI less than men
Usage measures whether and how often people use AI tools across personal and work settings. In 
our July 2026 survey, women were more likely than men to say they have never used AI (29% versus 
22%). Men were more likely than women to say they use AI occasionally (27% versus 24%) or reg-
ularly (25% versus 16%), or that they create AI workflows or automations (5% versus 3%). Women 
were more likely to say they have tried AI but rarely use it (28% versus 21%). The gap holds across 
tools, tasks, and personal and work contexts (Figures A1 – A3). Usage is higher among younger, 
more educated, and higher-income adults, as well as students, employed adults, urban residents, 
and Asian Americans (Figure A4). The gender gap is most pronounced among those with higher 
education and income, and is minimal among lower socioeconomic groups, where AI use is lower.

Women report lower levels of AI usage than men
% of respondents who describe their experience with AI tools as:

29%
22%

28%
21%

24%
27%

16%
25%

3%
5%

I create or customize AI
workflows, or automations for

myself or others

I use AI tools regularly for
tasks at school, work, or

personally

I have tried AI tools and
occasionally use them

I have tried AI tools but
rarely use them

I have never used AI tools

0% 10% 20% 30%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,606 women, 2,431 men. 95% margin of error: ±0.7–1.9 percentage points for women, ±0.9–1.9 for men.
All differences between women and men are statistically significant.

In desktop browsing data from July 2024 to December 2025, we found no statistically signifi-
cant difference between women and men in having ever used AI.
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Similar shares of women and men have used AI at least once
% of participants who had used AI at least once by each month

30%

40%

50%

60%

Sep
2024

Dec
2024

Mar
2025

Jun
2025

Sep
2025

Dec
2025

Women Men

Source: National Internet Observatory browsing data, July 2024–December 2025. Weighted to U.S. adults with internet access 
on a desktop or non-mobile device.
Unweighted sample size: 5,513 participants. 95% margin of error: ±2.6–3.7 percentage points for women, ±2.2–4.0 for men.
Hollow points: the difference between women and men is not statistically significant.

In desktop browsing data from July 2024 to December 2025, men who used AI in a given month 
spent a larger share of their browsing time on AI tools than women who used AI (4.6% versus 
2.9% across the full period). This difference is statistically significant across the full period but 
not in every month.

Women spend a lower share of browsing time using AI
% of browsing time spent using AI tools averaged across participants using AI in each month

0%

2%

4%

6%

8%

10%

Sep
2024

Dec
2024

Mar
2025

Jun
2025

Sep
2025

Dec
2025

Women Men

Source: National Internet Observatory browsing data, July 2024–December 2025. Weighted to U.S. adults with internet access 
on a desktop or non-mobile device.
Unweighted sample size: 5,513 participants. 95% margin of error: ±0.9–2.6 percentage points for women, ±1.1–1.9 for men.
Hollow points: the difference between women and men is not statistically significant.
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KNOWLEDGE AND AWARENESS 
Women express more uncertainty about AI, but 
that does not necessarily mean they know less
Knowledge and awareness capture how much people know about AI, how closely they follow 
developments, and how familiar they are with prominent AI tools and figures. Women report 
paying less attention to AI developments (Figure A5), are less familiar with common AI tools 
(Figure A6), and express greater uncertainty about AI. Across 12 factual questions (Figure A7), 
women answered an average of 6.3 correctly, compared with 7.1 among men, with men more 
likely to answer each question correctly. The gap in the number of incorrect answers is closer 
(1.6 among women and 2.0 among men), while women selected “not sure” more often (4.0 
questions on average, compared with 2.9 among men).

Women also say “not sure” more often than men on opinion-driven AI-related questions (% 
stating “not sure” to each question listed below, women first, men second):

	� Whether men’s or women’s needs are better represented in AI development: 43% versus 31%.

	� Which AI topics are most associated with women or with men: 38% versus 29%.

	� Whether AI news coverage features mostly men or women: 25% versus 18%.

	� How often they notice women as expert voices: 33% versus 24%.

	� Whether certain groups are treated unfairly or harmed by AI: 42% versus 31%

These patterns suggest greater uncertainty among women, but some of the apparent gender 
gap in knowledge may also reflect greater confidence, or potentially over-confidence, among 
men rather than greater knowledge alone. When asked whether they recognized 12 influen-
tial people in AI alongside two fabricated names, men were more likely to report recognizing 
every name including the fabricated ones (Figure A8).

These patterns suggest greater uncertainty among women, but some of the 
apparent gender gap in knowledge may also reflect greater confidence, or 
potentially over-confidence, among men rather than greater knowledge alone.

In a similar pattern to usage, gender differences in how much respondents pay attention to 
developments in AI are largest among people with a graduate degree, between the ages of 25 and 
44, living in urban areas, and with household incomes over $100,000 (Figure A9), which corre-
spond to the demographics likely to be working with, or even developing AI in their professional 
lives (Sajadieh et al. 2026; Pew Research Center 2026). By contrast, factual knowledge of AI has 
narrower gender gaps among those with high levels of education and income (Figure A10).
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MEDIA 
Men overwhelmingly dominate the public 
conversation about AI

Analysis of AI News Articles
Women are a minority in the AI field itself. World Economic Forum data show that in 2025 
about 29% of workers listing AI engineering skills were women, still under a third of the AI 
talent pool, and that women hold only about 12% of the most senior technology leadership 
roles (WEF 2025). The people who lead AI companies are overwhelmingly men, and leaders are 
the people in the field who appear most often in the news.

Across one year of U.S. news coverage about AI (78,542 articles collected through Media Cloud 
from July 2025 to June 2026), men are named and quoted far more often than women. We 
analyzed these articles in two ways: headlines and article text. Across the headlines, men are 
named 14.6 times as often as women.. Among the individuals named in five or more headlines, 
219 are men and 34 are women, and men account for 93.6% of all headlines mentions against 
6.4% for women. The people named most often are the men who lead AI companies.

Across the headlines, men are named 14.6 times as often as women..

Article text shows the same imbalance. We coded every source an article quoted or para-
phrased, 252,233 in total. Just under half, 49.2%, are experts, meaning named individuals cited 
for their authority, position, or expertise. Among these 124,004 experts, men are cited 4.3 times 
as often as women. 70.1% are men, 16.2% are women, and 13.6% are people whose gender the 
article did not identify. Another 42.6% of all sources are organizations quoted as speaking 
for themselves. Counting those organizations alongside individuals, the 214,515 citations of 
authority experts break down to 50.1% organizations, 40.5% individual men, and just 9.4% 
individual women. Women make up fewer than one in ten sources cited as authorities on AI.

Among these 124,004 experts, men are cited 4.3 times as often as women.

Because the men who run AI companies dominate this sample, we tested whether they alone 
explain the gap. Removing every source cited for a position rather than expertise, including 
executives, founders, officials, and investors, leaves 16,355 people quoted purely as subject 
experts. Among them, women are 24.8% of those whose gender was identified, up from 18.8% 
across all experts whose gender was identified. The gap narrows, but women remain about a 
quarter of the experts cited for their knowledge, below their roughly 29% share of AI talent.
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Demand and Exposure to Information about AI
NIO browsing data shows that AI-related content (i.e. content about AI, as identified using rel-
evant keywords. See Appendix B for more details.) is more often encountered through social 
media than through news websites. While 41% of panelists visited a news website containing at 
least one AI-related keyword, 68% encountered an AI-related keyword on social media. These 
differences partly reflect broader use of these website types: 62% of panelists visited a news 
website, compared with 76% who visited social media at least once in the data collection period.

The data also show gender differences both in how often men and women visit social media 
and news websites and how frequently they encounter AI-related content when they do. 
Similar percentages of men and women saw AI-related content on a news website. However, 
AI-related keywords appeared in 18% of men’s visits to news websites, compared with 12% of 
women’s. For social media, a greater share of women encountered AI-related content com-
pared to men, reflecting women’s higher social media use overall. AI-related content appeared 
at similar rates for men (15%) than women (13%).

Finally, 1.3% of search queries by men involve an AI-related keyword compared to 0.6% of 
search queries by women. 11% of women have a search query with an AI-related keyword 
compared to 13% of men. These differences in search are not statistically significant.

Reach of AI-related content across websites types and search queries
% of participants who visited each website type or conducted a search query at least once. Lighter bars 
show any activity; darker bars show activity involving AI-related content.

40%

11%
74%

64%

92%
84%

43%

13%
62%

60%

83%
69%

Men

Women

0% 20% 40% 60% 80% 100%

Search query*
Social media

News*

Search query*
Social media

News*

Source: National Internet Observatory browsing data, July 13 – August 1, 2026. Weighted to U.S. adults with internet access on a 
desktop or non-mobile device.
95% margin of error for AI-related content (darker bars): ±2.6–4.1 percentage points for women, ±2.4–3.5 for men.
* The difference between women and men in AI-related content is not statistically significant.
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AT TITUDES, TRUST, AND BARRIERS TO USE 
Women are more skeptical of AI, while trust is 
low across the board

Concern and worry rate highest as emotional associations with AI for both 
genders, and women identify with these feelings more strongly, reporting 
more fear and anxiety than men. Men rate every positive feeling—curiosity, 
enthusiasm, optimism, interest, and excitement—higher than women do.

This category covers how much people trust AI, the confidence and value they get from using 
it, their emotional reactions to it, and what keeps usage low. Concern and worry rate highest as 
emotional associations with AI for both genders, and women identify with these feelings more 
strongly, reporting more fear and anxiety than men. Men rate every positive feeling—curiosity, 
enthusiasm, optimism, interest, and excitement—higher than women do.

Concern and worry are most associated with AI, with women expressing more 
negative feelings overall
Average rating of how strongly each word describes respondents’ feelings about AI, from 1 (not at all) to 
10 (very much)

4.8 5.9
4.1 5.3

4.1 5.2
4.3 5.5

6.25.8
5.24.8

6.45.9

3.9 3.9
4.94.6

4.1 4.3

4.9 5.8

4.2 4.3

3.8 4.2

Excited
Interested

Enthusiastic
Optimistic
Curious

Resigned
Indifferent

Overwhelmed
Angry

Anxious
Scared
Worried

Concerned

1 2 3 4 5 6 7 8 9 10

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,592–2,605 women, 2,421–2,432 men. 95% margin of error: ±0.11–0.13 points for women, ±0.12–0.13 for men.
Hollow points: the difference between women and men is not statistically significant.
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Confidence in use and perceived value of AI follow the same pattern at more moderate levels. 
Women report lower value (2.0 versus 2.3 on a 4-point scale) and lower confidence (2.5 versus 
2.7 on a 4-point scale) across tasks, with “learning something new” and “creative projects” 
scoring the highest for both genders (see Figures A11 – A12 for specific tasks). Gender gaps are 
the widest among the highly educated and homemakers (Figures A13 – 14).

Trust in AI is low across the board. No single source is trusted by a majority of respondents 
to give accurate AI information, and women report lower trust than men on every measure: 
nearly a quarter of women (23%) trust none of the groups asked about, compared with 15% of 
men. Technical experts and independent researchers are the most trusted sources of informa-
tion. Employers and coworkers are the most trusted to use AI responsibly (Figure A15 – A17 for 
additional trust related batteries).

No group of people is trusted by a majority of respondents for information 
about AI, with trust even lower among women
% respondents saying they would trust ___ to give accurate and reliable information about AI

8% 15%

15% 17%

7% 14%

32% 40%

30% 35%

4% 8%

9% 11%

6% 9%

24% 27%

23%15%

15%8%

None of these

Not sure

Government regulators

Business leaders or CEOs

Republicans in Congress

Trump administration officials

Journalists or news organizations

Democrats in Congress

People personally affected by AI

Independent researchers or academics

Technical experts

0% 10% 20% 30% 40%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,605 women, 2,434 men. 95% margin of error: ±0.8–1.9 percentage points for women, ±1.2–2.1 for men.
All differences between women and men are statistically significant.
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Privacy concerns and distrust of AI’s outputs are reported as the top two 
barriers to use for both genders.

This lack of trust and low perceived value is consistent with explanations from both men and 
women on why they do not use AI more frequently. Privacy concerns and distrust of AI’s outputs 
are reported as the top two barriers to use for both genders, followed by a preference to complete 
tasks without AI (more common among women) and low perceived value (more common among 
men). By contrast, expression of fear or judgement, a barrier highlighted in recent literature 
(Craney, Delecourt, and Koning 2026), is less common. It ranks near the bottom of stated barri-
ers, chosen by just 5% of women and 6% of men (see Figure A18 for more details). While women 
report these top barriers at higher rates, men and women rank them similarly in importance. 
This is in line with broader research that finds concerns of privacy and trustworthiness account 
for roughly a quarter of the gap in usage between men and women. Other research finds a trust 
gap between women and men, particularly around whether companies will protect personal 
data (Aldasoro et al. 2024; Arbanas et al. 2024; Cranney, Delecourt, and Koning 2026).
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Privacy and trust concerns are top reasons for low AI usage
% of respondents who use AI occasionally, rarely, or never that selected the following as barriers to 
greater usage:

27%
24%

29%
28%

34%
30%

40%
34%

28%
28%

21%
17%

5%
6%

6%
7%

15%
12%

9%
11%

31%
27%

22%
25%

3%
3%

7%
7%

Other*

None of the above*

I worry other people will
judge me for using them*

AI tools are difficult to use

AI tools cost too much*

Using AI tools feels like
cheating

I worry they will replace
skills I want to keep

I have not had a reason to use
AI tools*

I do not know how to use them

I worry about how companies
use the information I provide*

I do not see how they would be
useful to me*

I prefer to do these tasks
myself

I do not trust the information
they provide

I worry about my privacy when
using them

0% 10% 20% 30% 40%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,081 women, 1,663 men. 95% margin of error: ±0.8–2.2 percentage points for women, ±0.9–2.4 for men.
* The difference between women and men is not statistically significant.
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WORKPLACE TRAINING, MENTORSHIP AND ENCOURAGEMENT 
Women have less access to AI resources 
and support at work
The workplace dimension covers how professional conditions are associated with AI use and 
value. Overall, we find that being in a work environment that encourages AI use, access to 
training, and mentorship is associated with greater usage, confidence in use, and perceived 
value across genders. However, among employed respondents, women are less likely to be 
in workplaces that offer these supports (Figures A19 – A21). Additionally, gender gaps often 
persist even among individuals with greater training, mentorship, and encouragement.

Workplace training and support associated with greater usage, confidence, and 
percieved value, but gender gaps persist
Average usage, confidence, and perceived value by access to workplace training, mentorship, and 
encouragement among employed respondents
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1

2

3

4

Perceived
value

Women Men
AI Training AI Mentorship Encouragement to use AI

1

2

3

4

5

Overall
AI usage

1
2
3
4
5
6
7

Work usage

1

2

3

4

Confidence

No AI
training

Some AI
training

No
mentorship

Neutral Some
mentorship
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AI Training AI Mentorship Encouragement to use AI
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4

5
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AI usage

1
2
3
4
5
6
7

Work usage

1

2

3

4

Confidence

No AI
training

Some AI
training

No
mentorship

Neutral Some
mentorship

DiscouragedNeutralEncouraged
1

2

3

4

Perceived
value

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 147–729 women, 143–747 men. 95% margin of error (points): ±0.05–0.16 for confidence, ±0.07–0.17 for 
overall AI usage, ±0.06–0.15 for perceived value, ±0.12–0.25 for work usage.
Hollow points: the difference between women and men is not statistically significant.
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Women are also less likely to be employed in the first place (ILO 2026). Among those who are, 
women are more concentrated in jobs whose tasks are most exposed to automation by gen-
erative AI. Globally, 4.7% of women’s employment falls in the highest-exposure occupations, 
against 2.4% of men’s, and in high-income countries the gap is wider still, 9.6% of women’s jobs 
versus 3.5% of men’s (Gmyrek et al 2025). This reflects occupational segregation, with women 
overrepresented in clerical and administrative roles that generative AI can most readily per-
form. Separately, a study of researchers found men’s productivity gains after ChatGPT’s release 
outpaced women’s by more than six percentage points, alongside workplace data showing far 
more men than women had even tried the tool, 65% versus 47% (Tang et al, 2025).

REPRESENTATION, BIAS AND DISCRIMINATION 
Women are less represented in both AI systems 
and the expertise surrounding them

A consensus emerged across genders once “not sure” answers were set aside: 
men’s perspectives and needs are better represented in AI development and in 
the content AI produces, men are more associated with AI news and online 
content, and women’s visibility as expert voices is lower.

This category covers perceptions of women’s representation in AI, whether AI treats any groups 
unfairly, and documented bias in AI systems themselves. A consensus emerged across genders 
once “not sure” answers were set aside: men’s perspectives and needs are better represented 
in AI development and in the content AI produces, men are more associated with AI news and 
online content, and women’s visibility as expert voices is lower. Women are more associated 
with arts, healthcare, education, and social impact. Men are more associated with business 
leadership, engineering, government and policy, and national security (Figure A22).
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Across genders, respondents see men as more represented and visible in AI
% of respondents perceiving greater representation of women, men, or neither, and reporting how often 
they notice women as expert voices in AI news

9%
7%

42%
50%

49%
44%

8%
7%

60%
64%

32%
28%

9%
7%

62%
68%

29%
25%

Whose needs are better represented in AI-generated content?

Whose needs are better represented in AI development?

Which gender is more represented in AI news and online content?

Men
Women

Men
Women

Men
Women

More women About equal More men

6%
12%

11%
18%

36%
37%

31%
23%

16%
10%

Women are visible as expert voices in AI news

Men
Women

Very often Somewhat often Sometimes Rarely Never

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,411–1,759 women, 1,636–1,859 men. 95% margin of error: ±1.2–2.8 percentage points for women, 
±1.3–2.6 for men.
“Not sure” responses are excluded.

On name recognition, even the most recognized woman in AI, Daniela Amodei (49%), was 
slightly less recognized than the least recognized men, Jensen Huang and Dario Amodei (50% 
each). Fei-Fei Li and Mira Murati were each recognized by 46% of respondents, the same share 
that reported recognizing two fabricated, common-sounding names, Susan Millner and Craig 
Dalton. Recognition was highest for male technology leaders whose public profiles extend 
well beyond AI, including Tim Cook (66%), Sundar Pichai (53%), and Satya Nadella (52%), and 
higher still for Elon Musk, Mark Zuckerberg, and Jeff Bezos (all above 85%). Sam Altman, the 
most recognized leader tied specifically to AI, was named 64% of the time. See Figure A6 for 
a breakdown by respondent gender. This is consistent with NIO browsing data showing that 
17%, 11%, 7%, and 0.3% of individuals visited a webpage with “Sam Altman,” “Jensen Huang”, 
“Dario Amodei”, or “Satya Nadella” appearing on it respectively. By contrast, 1.6%, 1.3%, and 
0.1% of respondents saw “Daniella Amodei”, “Mira Murati”, or “Fei-Fei Li” respectively.

On unfair treatment specifically, women are more likely to be unsure whether AI treats any 
group unfairly (42% versus 31% of men), while men are more likely to say that no group is. 
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Women and men report the presence of AI bias at about equal rates, and both name Black 
people and low-income people as the groups treated unfairly most often. On gender specifi-
cally, each gender is somewhat more likely to say its own gender is the one treated unfairly 
(Figure A23). While similar shares of women (58%) and men (59%) perceive AI bias toward some 
groups, and 47% of women and 43% of men belong to a demographic group they believe AI 
treats unfairly, only 11% of women and 10% of men report personally experiencing AI-related 
harm (Figure A24). This suggests that perceptions of AI bias may be shaped more by social 
networks and media coverage than by personal experience.
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WHAT THE FINDINGS SUGGEST
Workplace access

Women are less likely to report access to AI training, mentorship, and encouragement at work 
even as these forms of support are associated with greater confidence, perceived value, and use 
among women and men. Employers, industry groups, and professional associations should 
make sure women have equal access to the information and support they need to decide when 
and how to use AI in their work.

Low trust and negative attitudes

Across both genders, trust in who develops AI, and who provides information about AI is low. 
Privacy and trust concerns are the most common barriers to using AI more, and the feelings 
most strongly associated with AI are concern and worry. Research should continue investigat-
ing the reasons behind these concerns, while journalists, developers and policymakers should 
work to build trust with greater transparency, stronger privacy protections, and the provision 
of credible information.

Women in AI development

Women remain underrepresented in technical and leadership roles that shape AI systems. 
The people in such roles make product and safety decisions and help decide whose needs are 
considered during development. At best, underrepresentation may mean missed opportuni-
ties for value creation among certain groups. At worst, it may cause direct harm, reinforce 
existing social inequities, sow distrust, and perpetuate pipeline issues that limit who enters 
and advances in the field. Existing research also documents gender bias in images and text 
created by AI, hiring systems, healthcare applications, and other uses.

Who gets heard as an expert

Men dominate AI news headlines and expert citations. While this reflects, in part, the prom-
inence of male founders and executives. In expert citations, the imbalance continues after 
those leaders are excluded from the analysis Journalists, researchers, companies, and conve-
ners can widen the pool of experts they feature.

Better measurement

AI is changing quickly. Continued research should track these gaps over time and examine 
differences among women across demographic groups that national averages can conceal. It 
should also examine how people encounter information about AI beyond traditional news, 
how people interact directly with AI, and how these experiences shape attitudes and behavior.
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APPENDIX A 

SUPPLEMENTARY CHARTS 
AND TABLES
The charts below supplement the findings in the main report with additional details on 
usage, confidence, knowledge, attitudes, trust, workplace support, media associations, and 
perceived bias.

Figure A1
Levels of work-related AI usage
% of employed respondents answering "How often do you use AI for your work?"

46%
36%

13%
11%

8%
5%

8%
7%

12%
16%

5%
8%
9%

15%Several times a day

Once or twice a day

Multiple times a week

About once a week*

About once a month

I tried once or twice*

Never

0% 10% 20% 30% 40% 50%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,152 women, 1,427 men. 95% margin of error: ±1.4–3.1 percentage points for women, ±1.3–2.7 for men.
* The difference between women and men is not statistically significant.
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Figure A2
AI usage by task
Average usage score (1 = Never, 4 = Often) among respondents using AI answering "How often have you 
used AI tools for each of the following tasks, over the past 3 months?"

2.0 2.1

1.8 1.9

1.8 2.0

1.8 2.1

1.8 2.1

1.8 2.2

1.6 1.9

2.3 2.6

2.0 2.3

1.8 2.0

1.7 1.9

Starting or running a business

Personal companionship

Household management or organization

Managing a family member's health or
medical questions

Emotional support or mental health

Personal finances or budgeting

Workplace tasks or productivity

Job searching or resume/cover letter
writing

Managing my own health or medical
questions

Creative projects (writing, art, music,
etc.)

Learning something new or education

1 2 3 4

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,843–1,852 women, 1,909–1,920 men. 95% margin of error: ±0.05 points for women, ±0.05 for men.
All differences between women and men are statistically significant.
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Figure A3
AI usage by tool
Average usage score (1 = Never, 7 = Several times a day) among respondents answering "How often do 
you use the following AI tools?"
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2.82.7
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Meta AI
GitHub Copilot

Microsoft Copilot
Midjourney

Cursor
Notion AI

Other
QuillBot

ChatGPT
Google Gemini

NotebookLM

1 2 3 4 5 6 7

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 24–2,241 women, 39–2,152 men. 95% margin of error: ±0.08–0.79 points for women, ±0.09–0.53 for men.
Hollow points: the difference between women and men is not statistically significant.
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Figure A4
AI usage by demographics
Average usage score (1 = "I have never used AI tools", 5 = "I create or customize AI workflows or 
automations") among respondents answering "Which best describes your experience with AI tools?"
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45 to 64

65 and over
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Self-employed
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1 2 3 4 5

Employment status
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50K to under 75K
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100K and over
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Household income

2.4 3.0

2.8 2.9
2.5 2.7

2.3 2.7White
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African American
Asian American

1 2 3 4 5

Race and Ethnicity

2.3 2.4
2.3 2.7
2.5 2.9
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Urban

1 2 3 4 5

Community Type

2.4 2.7
2.3 2.5

2.4 2.9

Independent/Other
Democrat

Republican

1 2 3 4 5

Party

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 10–1,810 women, 10–1,727 men. 95% margin of error: ±0.06–0.84 points for women, ±0.06–0.60 for men.
Race and ethnicity are check-all-that-apply, so groups overlap and do not add to 100%.
Hollow points: the difference between women and men is not statistically significant.
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Figure A5
Attention paid to developments in AI
% of respondents answering "How much attention do you pay to developments in the area of artificial 
intelligence (AI)?"

29%
20%

38%
32%

26%
30%

7%
19%A lot

A fair amount

A little

None

0% 10% 20% 30% 40%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,608 women, 2,433 men. 95% margin of error: ±1.1–2.0 percentage points for women, ±1.6–2.0 for men.
All differences between women and men are statistically significant.

Figure A6
Awareness of AI tools
% of respondents answering "Yes" to "Have you heard of the following AI tools?"

34% 48%

86% 89%

7% 12%
11% 23%

81% 87%

46% 46%

33% 52%

78% 79%
59% 71%

7% 14%
7% 13%

27% 38%

5% 9%

29% 33%
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7% 11%

32% 40%
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Cursor
GitHub Copilot
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Snapchat My AI

DeepSeek
Character AI

Grok (xAI)
Anthropic Claude

Grammarly
Microsoft Copilot

Meta AI
Google Gemini

ChatGPT

0% 25% 50% 75% 100%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,582–2,606 women, 2,399–2,429 men. 95% margin of error: ±0.9–2.0 percentage points for women, 
±1.2–2.1 for men.
Hollow points: the difference between women and men is not statistically significant.
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Figure A7
Accuracy and uncertainty of responses to questions assessing knowledge about AI
% of respondents saying each statement is accurate, inaccurate, or that they are not sure
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systems can make mistakes

even when their answers sound
confident
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Many AI systems learn patterns
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programmed with a rule for
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The data used to train or
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If an AI system provides
a source or citation, that

source is always real and
accurately supports the claim

†

AI systems are always neutral
because they are based on

mathematics or computer code †

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,595–2,601 women, 2,422–2,430 men. 95% margin of error: ±1.1–2.0 percentage points for women, 
±1.2–2.1 for men.
† Statement is inaccurate.
Hollow points: the difference between women and men is not statistically significant.
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Figure A8
Name recognition of individuals developing AI
% of respondents saying they know who ___ is
Note: Susan Millner and Craig Dalton are fabricated names

96% 98%

55% 73%

43% 57%
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44% 61%
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39% 53%
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Dario Amodei
Satya Nadella
Sundar Pichai

Sam Altman
Tim Cook

Jeff Bezos
Mark Zuckerberg

Elon Musk

30% 50% 70% 90%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,594–2,608 women, 2,422–2,432 men. 95% margin of error: ±0.8–2.0 percentage points for women, 
±0.5–2.1 for men.
All differences between women and men are statistically significant.
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Figure A9
Attention to AI by demographics
Average attention score (1 = None, 4 = A lot) among respondents answering "How much attention do you 
pay to developments in the area of artificial intelligence (AI)?"
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 10–1,812 women, 10–1,728 men. 95% margin of error: ±0.04–0.54 points for women, ±0.05–0.59 for men.
Race and ethnicity are check-all-that-apply, so groups overlap and do not add to 100%.
Hollow points: the difference between women and men is not statistically significant.
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Figure A10
AI knowledge by demographics
Average number of 12 factual statements about AI answered correctly
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 10–1,812 women, 10–1,728 men. 95% margin of error: ±0.19–2.47 points for women, ±0.18–2.05 for men.
Race and ethnicity are check-all-that-apply, so groups overlap and do not add to 100%.
Hollow points: the difference between women and men is not statistically significant.
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Figure A11
Perceived value of using AI by task
Average value score (1 = Not valuable at all, 4 = Very valuable) among respondents using AI answering 
"How valuable have you personally found AI tools for each of the following tasks?"
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Managing my own health or medical
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Creative projects (writing, art, music,
etc.)

Learning something new or education
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Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,834–1,850 women, 1,902–1,915 men. 95% margin of error: ±0.05–0.06 points for women, 
±0.05–0.06 for men.
All differences between women and men are statistically significant.
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Figure A12
Confidence using AI by task
Average confidence score (1 = Not at all confident, 4 = Very confident) among respondents using AI 
answering "How confident are you in your ability to use AI tools effectively for each of the below tasks?"
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,834–1,848 women, 1,903–1,916 men. 95% margin of error: ±0.05 points for women, ±0.05 for men.
All differences between women and men are statistically significant.
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Figure A13
Perceived value of AI by demographics
Average value score across tasks (1 = Not valuable at all, 4 = Very valuable) among respondents using AI
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 8–1,250 women, 9–1,346 men. 95% margin of error: ±0.05–0.40 points for women, ±0.05–0.63 for men.
Race and ethnicity are check-all-that-apply, so groups overlap and do not add to 100%.
Hollow points: the difference between women and men is not statistically significant.
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Figure A14
Confidence using AI by demographics
Average confidence score across tasks (1 = Not at all confident, 4 = Very confident) among 
respondents using AI
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 8–1,245 women, 9–1,346 men. 95% margin of error: ±0.05–0.59 points for women, ±0.05–0.39 for men.
Race and ethnicity are check-all-that-apply, so groups overlap and do not add to 100%.
Hollow points: the difference between women and men is not statistically significant.
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Figure A15
Trust in individuals developing AI
Average trust score (1 = Not at all, 4 = A great deal) among respondents who recognized each person 
answering "How much would you trust the following people to develop AI responsibly?"
Note: Susan Millner and Craig Dalton are fabricated names
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 795–2,236 women, 1,064–2,238 men. 95% margin of error: ±0.05–0.08 points for women, 
±0.05–0.07 for men.
Includes only respondents who recognized each name; “Not sure” is excluded.
All differences between women and men are statistically significant.

Figure A16
Trust in AI outputs
Average trust score (1 = Not at all, 4 = A great deal) among respondents answering "How much do you 
trust AI tools to give you accurate information about..."
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,592–2,603 women, 2,427–2,433 men. 95% margin of error: ±0.04 points for women, ±0.04 for men.
All differences between women and men are statistically significant.
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Figure A17
Trust in organizations to use AI responsibly
Average trust score (1 = Not at all, 4 = A great deal) among respondents answering "How much do you 
trust the following organizations to use AI responsibly?"
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,151–2,603 women, 1,424–2,432 men. 95% margin of error: ±0.04–0.06 points for women, 
±0.04–0.05 for men.
All differences between women and men are statistically significant.

Figure A18
Judgement and negative attitudes towards using AI at work
Average agreement (1 = Strongly disagree, 5 = Strongly agree) among employed respondents to the 
following statements:
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,142–1,152 women, 1,423–1,427 men. 95% margin of error: ±0.08–0.09 points for women, ±0.07–0.08 for men.
Hollow points: the difference between women and men is not statistically significant.
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Figure A19
Workplace encouragement of AI usage
% of employed respondents answering "How would you characterize your workplace with respect to AI use?"
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discouraged*
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AI is neither discouraged nor
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AI use is strongly encouraged
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Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,150 women, 1,426 men. 95% margin of error: ±1.4–3.1 percentage points for women, ±1.3–2.8 for men.
* The difference between women and men is not statistically significant.

Figure A20
Access to AI mentorship
% of employed respondents answering "I have someone in my life who has shown me how to get useful 
results from AI tools."
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,151 women, 1,423 men. 95% margin of error: ±1.9–2.8 percentage points for women, ±1.7–2.5 for men.
* The difference between women and men is not statistically significant.
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Figure A21
Workplace AI training
% of employed respondents answering "How would you describe AI training in your workplace?"
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14% 23%
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Informal training from colleagues

No training

20% 40% 60%

Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,151 women, 1,426 men. 95% margin of error: ±1.8–3.0 percentage points for women, ±1.9–2.8 for men.
All differences between women and men are statistically significant.

Figure A22
Topics associated with women and men in AI
% of respondents associating each topic with men or women, by respondent gender
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,593–2,603 women, 2,418–2,426 men. 95% margin of error: ±0.9–1.9 percentage points for women, 
±1.0–2.0 for men.
Grey bars average the questions about women and about men.
* The difference between women and men is not statistically significant in at least one panel.
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Figure A23
Groups perceived as treated unfairly or inaccurately by AI
% of respondents selecting the following answering "Which groups of people, if any, are treated unfairly or 
inaccurately by AI tools or automated systems?"
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Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 2,604 women, 2,432 men. 95% margin of error: ±0.5–2.0 percentage points for women, ±0.5–2.0 for men.
Hollow points: the difference between women and men is not statistically significant.

A
R

E
 W

O
M

E
N

 B
E

IN
G

 L
E

F
T 

O
U

T 
O

F 
A

I?



40

Figure A24
Perceptions and experiences of AI bias by gender
% of respondents perceiving AI bias or reporting personal unfair treatment
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Women Men

Source: CHIP50 survey of U.S. adults, July 10–16, 2026, weighted to the U.S. population.
Unweighted sample size: 1,531–2,604 women, 1,700–2,432 men. 95% margin of error: ±1.2–2.7 percentage points for women, 
±1.2–2.5 for men.
Own demographic group is based on gender, race and ethnicity (check-all-that-apply), age, or income.
Hollow points: the difference between women and men is not statistically significant.
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APPENDIX B 

METHODOLOGY
CHIP50 methods
From July 10, 2026 to July 16, 2026 we collected a total of 5,403 responses from individuals age 
18 and older across all 50 states and the District of Columbia. The surveys were conducted 
by PureSpectrum through an online, nonprobability sample. We reweighted our data using 
demographic characteristics to match the U.S. population with respect to 2020 vote choice and 
turnout, race and ethnicity, age, gender, education, and living in urban, suburban, or rural 
areas. More information on methodology is available at chip50.org/survey-methodology.

NIO methods
The National Internet Observatory (NIO) is an NSF-funded research infrastructure that col-
lects data from consenting U.S. adults through a browser extension installed on participants’ 
desktop or laptop computers. The extension records browsing activity, which can be linked 
to participants’ self-reported demographic characteristics and is made available to approved 
researchers through a privacy-preserving data access framework.

The report is based upon two streams of NIO data. The first is desktop browsing activity col-
lected from July 1, 2024 through December 31, 2025 that records when and how long par-
ticipants spent on each website. We excluded participants with browsing limited to survey 
websites, less than ten minutes of total browsing time, or fewer than seven distinct browsing 
days, resulting in a final sample of 5,513 participants.

The second records the websites participants visited through desktop browsing and whether at 
least one of 772 AI-related keywords (e.g., “AI,” “large language model,” “chatbot”) appeared on each 
page from July 13 to August 10, 2026. Based on the URL, we are also able to detect search queries 
and whether an AI-related keyword is included. As these data do not measure time spent on a page, 
we analyze visits instead. We define a visit as a unique instance of page content viewed within a 
given day. Returning to the same page without a change in its content (for example, switching tabs 
and returning) does not count as a new visit. However, when the content of a page changes while 
the URL remains the same, such as when scrolling through a social media feed, the new content 
counts as a separate visit. We also excluded participants with browsing limited to survey websites 
or fewer than two distinct browsing days, resulting in a final sample of 1,951 participants.

Because NIO uses non-probability recruitment, for both data streams we apply NIO-provided 
weights based on age, gender, income, and education. The weights approximate the population 
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of U.S. adults with internet access who are not mobile-only internet users, representing 
approximately 85% of U.S. adults.

AI usage is identified by matching website URLs to a list of known AI tool domains derived 
from a publicly available dataset of AI tools and platforms curated from AIToolBuzz.com and 
accessed in October 2025. Classifying websites as news, social media, email are based on lists 
from Lazer et al. (2026), and refined by the authors.

Several limitations should be considered. NIO participants are recruited through non-
probability methods, so weighting may not fully eliminate selection bias. Participants can 
opt out of tracking through incognito browsing, and the extension is not intended for work 
computers, meaning the data primarily reflect personal desktop browsing rather than total 
internet use. The data also do not capture activity that occurs outside the browser, including 
through desktop and mobile applications such as social media apps and coding agents. Finally, 
the sample is restricted to adults and therefore does not capture browsing by minors.

Media Analysis
Both studies draw on a single Media Cloud pull of United States online AI news published July 
2025 through June 2026: 84,422 article URLs, reduced to 78,542 records by keeping English-
language text and removing video, podcast, and gallery pages. The headline study analyzed 
the headline text of these 78,542 records. We extracted person names with spaCy named-
entity recognition (model en_core_web_sm), keeping entities tagged PERSON and counting 
each once per headline, which yielded 9,703 distinct name strings. We retained name strings 
appearing in five or more headlines and removed a fixed list of company and product terms 
by text match, leaving 414 name strings. We hand-coded each of the 414 as woman, man, or 
non-person, which yielded 253 coded as people (34 women and 219 men) and 161 non-people 
(companies, products, and other entities the term list did not catch), which we excluded. The 
headline shares in Section 1 are counts of headline mentions among the 253 coded people: 366 
mentions for women and 5,354 for men, 5,720 in total.

The expert-citation study analyzed the article bodies of the same 78,542 records. We scraped 
and cleaned each article body, then coded every source it cited with a large language model 
(Claude Sonnet 5) prompted with a hand-coded schema, in which a source is any person 
or organization the article quotes or paraphrases as providing information, a statement, or 
expertise. Each source received a type (expert, a named individual cited for authority, posi-
tion, or expertise; press statement, an organization cited as making a statement; experiential, 
a person cited for lived experience; or none), a gender (woman, man, or unspecified, inferred 
from pronouns, gendered titles, or clearly gendered given names), and a named-or-generic 
status. Scraping succeeded for 67,199 articles (85.6 percent); coding covered 63,585 of these 
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(94.6 percent of those scraped), of which 62,072 carried at least one cited source, producing 
252,233 coded sources.
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APPENDIX D 

LITERATURE REVIEW
A growing body of research documents gender differences in who builds AI, how AI systems 
represent and treat women, and how women engage with these tools. It provides the backdrop 
for this report’s findings.

Who builds AI. Women hold about a fifth of AI roles worldwide and under 15 percent of senior 
executive positions in the field (Pal et al. 2024). West, Whittaker, and Crawford (2019) describe 
this concentration as a diversity crisis, in which demographically narrow teams build systems 
that carry their assumptions. Labor data and reporting alike point to leadership and research 
ranks that remain heavily male.

Bias in AI systems. Documented bias runs stronger in images than in text. Image generators 
amplify occupational gender stereotypes (Guilbeault et al. 2024), depict women as younger than 
men in higher-status roles (Guilbeault, Delecourt, and Srinivasa Desikan 2025), and render women 
with more submissive expressions (Sun et al. 2024) and lower facial prominence (Weinmann et 
al. 2026). Facial-analysis systems misclassify darker-skinned women far more often than lighter-
skinned men (Buolamwini and Gebru 2018). In language, models assign stereotypically gendered 
occupations three to six times more often than labor statistics warrant (Kotek, Dockum, and 
Sun 2023), cast men as agentic and women as communal in generated reference letters (Wan 
et al. 2023), and produce sexist content in roughly a fifth of gendered prompts (UNESCO and 
IRCAI 2024). A systematic review attributes this bias about equally to training data and model 
design (Hall and Ellis 2023). Hiring results are mixed: some audits find models tilt toward men 
for higher-status technical roles, though the effect is marginal (Armstrong et al. 2024), while 
others find models more likely to select women yet recommend lower pay (Gerszberg 2024). Bias 
extends into medicine, including diagnostic skew by gender and a default to male doctors in 
generated images (Zack et al. 2024; Currie, Chandra, and Kiat 2024).

Work and economic exposure. Occupations most exposed to generative AI cover nearly twice 
the share of female as male employment, 4.7 percent versus 2.4 percent, a gap labor research-
ers tie to occupational segregation (Butt et al. 2026; Gmyrek et al. 2025). In academia, men’s 
measured productivity gains after the release of ChatGPT outpaced women’s (Tang et al. 2025).

Adoption, knowledge, and trust. A synthesis of global evidence finds a persistent adoption 
gap favoring men, holding even within the same occupation or firm (Cranney, Delecourt, and 
Koning 2026). Differences in self-assessed knowledge explain most of that gap (Aldasoro et al. 
2024). Recent survey data show men and women are about equally likely to use chatbots, while 
women remain more skeptical about AI’s impact (Pew Research Center 2026).
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Safety and gender-based harm. Sexualized deepfakes fall overwhelmingly on women. An 
industry scan cited by UN Women (2025) put the share of deepfake-pornography subjects who 
are women at about 99 percent. Victim gender shapes how the public judges this abuse (Eaton 
et al. 2026), and scoping reviews argue that understanding and countering it calls for feminist 
and psychological perspectives that current research still lacks (Lazard et al. 2025).
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