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Abstract 
Job advertisements (ads) represent the first point of contact between employers and job 
seekers. By signaling characteristics expected of an ideal candidate, job ads “gatekeep” the 
labor force and configure its composition. Meanwhile, labor force composition can also shape 
the wording of job ads. This study develops a multidimensional inventory of gender and EDI 
(equality, diversity, inclusion) language in job ads. Applying this inventory, it adopts an 
instrumental-variable approach to disentangle the reciprocal relationships between gender/EDI 
language in job ads and labor force gender/racial composition. Drawing on the analysis of 28.6 
million job ads in the United Kingdom in combination with labor force statistics between 2018 
and 2023, the findings reveal three distinct mechanisms through which the bidirectional interplay 
between language in job ads and labor force composition (re)produces or disrupts labor force 
gender/racial segregation. They highlight both the benefits and limitations of intervening in the 
language used in job ads to help reduce labor force gender/racial segregation.  
 
Keywords: gender, job advertisement, labor market, language, race, segregation 
 
Significance Statement 
Gender and racial segregation represent persistent and key forms of inequality in the labor 
market, and job advertisements “gatekeep” the labor force as the first point of contact between 
job seekers and employers. Analyzing 28.6 million job advertisements and labor force statistics, 
our labor-market-wide auditing study reveals distinct ways the bidirectional interplay between 
gender/EDI language in job advertisements and labor force composition (re)produces or 
disrupts labor force gender/racial segregation.  
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Introduction 
EDI (equality, diversity, inclusion) is increasingly mainstreamed into labor standards, 
management and organizational practices, and legislation (1). Much as employers, human 
resource (HR) professionals, job advertising platforms, and policymakers strive to enhance EDI 
at work, persistent labor force segregation along the lines of gender and race poses a major 
challenge to achieving EDI in organizations and across labor markets (2, 3). Labor force gender 
and racial segregation not only represent prominent forms of workplace and labor market 
inequality, they are also key drivers of gender and racial disparities in income, job satisfaction, 
and worker well-being (2, 4, 5). Research shows that employees working in more diverse and 
inclusive organizations are more loyal and better motivated, hence more productive (6, 7). 
Therefore, it is not surprising that intense research, policy, and management efforts are devoted 
to reducing gender and racial segregation in order to enhance EDI and bolster productivity in 
the labor force (1, 7, 8). 

Among the many areas of EDI intervention, job advertisements (ads) have garnered 
growing attention (9–19). Job ads constitute the first point of contact between employers and job 
seekers, thus playing a crucial role in “gatekeeping” the labor force. Job ads signal explicit and 
implicit characteristics expected of an ideal candidate (12, 13). Such characteristics—conveyed 
through particular ways in which job ads are worded—are closely embedded in broader, and 
often gendered and racialized, social structures that shape both language use and labor market 
configurations (3, 19). On the labor demand side, job ads are carefully worded to reflect 
employers’ identities and aspirations, and HR professionals draw on characteristics stated in job 
ads to formulate criteria for shortlisting and interviewing applicants (17, 20). On the labor supply 
side, job seekers self-assess their suitability for a job based on those characteristics. For 
example, psychological experiments show that women perceive jobs to be less appealing or 
suitable when job ads include a large number of masculine words such as “active” and 
“decisive” (11, 12, 19). Similarly, experiments show that racial minority individuals are deterred 
by job ads lacking racial diversity or containing phrases associated with negative racial 
stereotypes in their language (15, 21, 22). Consequently, language in job ads can differentially 
affect job seekers’ inclination to apply for a job across different social groups (12, 15, 19). 

Against this backdrop and as part of broader social, political, and legislative shifts toward 
the use of non-discriminatory and inclusive language, extensive efforts have been made to 
diversify and debias language in job ads, in the hope that such efforts may help enhance EDI 
and reduce gender and racial segregation in the labor market (1, 9, 10, 14, 15). Although both 
demand-side and supply-side mechanisms suggest that language in job ads can causally 
impact labor force gender/racial composition, such impact is yet to be substantiated by labor-
market-wide audits, beyond individual-level experiments (11, 12, 15). As a result, little is known 
about the effectiveness of interventions in how job ads are worded in tackling labor force gender 
and racial segregation. Addressing this substantive gap, our first objective is to provide large-
scale auditing evidence on the impact of gender/EDI language in job ads on labor force 
gender/racial composition. 

Whereas research has focused predominantly on the impact of job ads on individual job 
seekers (10–13, 15, 19), far less is known about how labor force composition shapes the 
wording of job ads. Addressing this knowledge gap will shed light on the production of job ads 
and provide insights that are crucial to mitigating the impact of job ads on labor force 
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composition. It will also bring to light potential reciprocal relationships between language in job 
ads and labor force composition, which is key to developing a systematic, comprehensive 
understanding of how the interplay between job ads and labor force composition (re)produces or 
disrupts labor force gender and racial segregation. Our second objective, therefore, is to 
examine the impact of labor force gender/racial composition on gender/EDI language in job ads. 

[Insert Fig. 1 Here] 
Specifically, as depicted in Fig. 1, we hypothesize three scenarios of how labor force 

composition shapes language in job ads. On the one hand, identity theory posits that people’s 
identities are reflected in their language (23)—a tendency that is formulated through long-term 
socialization and regulated by sociocultural norms as to what constitutes “appropriate” 
language, for example, for women and men. As job ads emerge from the collective majority 
identity of a workforce, how the ads are worded may reflect the predominant traits that 
characterize the workforce’s composition. If so, Hypothesis 1 predicts that job ads for 
workforces with a larger share of women as opposed to men include more words (and phrases) 
that are socially constructed and understood to denote a feminine rather than a masculine 
orientation; and those for workforces with a larger share of women and racial minority workers 
may include more EDI words (“linear effect” in Fig. 1). 

On the other hand, employers are faced with mounting cultural and political pressure 
and a legal imperative to enhance EDI (1, 9). Movements such as #MeToo and 
#BlackLivesMatter have re-centered attention on gender and racial segregation as key barriers 
to achieving EDI in the labor market (24, 25). In response to these recent developments, 
employers may take a reflective approach to writing job ads and make conscious efforts to 
strategically word job ads to rectify a lack of gender/racial diversity in the workforce through a 
“compensation” mechanism (9, 26), which could take two distinct forms. Hypothesis 2 (“positive 
compensation” in Fig. 1) posits that employers play up language associated with under-
represented groups in the workforce and EDI in job ads. Conversely, Hypothesis 3 (“negative 
compensation” in Fig. 1) posits that employers suppress language associated with majority 
groups in the workforce. Our study, for the first time, tests these mechanisms. 

Based on the above discussion, our study examines the reciprocal relationships 
between gender/EDI language in job ads and labor force gender/racial composition. To do so, 
we developed a new, theoretically informed word inventory that systematically captures six 
distinct dimensions of gender/EDI language in job ads. Based on this inventory, we used natural 
language processing and, specifically, word embeddings—a technique that is increasingly used 
in the latest research on job ads—to comprehensively quantify each dimension of gender/EDI 
language in the job ads we examined (16–19). We further adopted an instrumental-variable (IV) 
modeling approach to disentangle the bidirectional influences between language in job ads and 
labor force composition (27). Providing large-scale labor-market-wide evidence, our analysis 
draws on 28.6 million job ads, combined with data on the gender and racial composition of the 
labor force, between 2018 and 2023 in the United Kingdom (UK) (see SI Appendix, 
Supplementary Materials 1 for a discussion of the UK labor market context). Although our 
empirical materials focus on the UK, we expect our substantive insights, empirical approach, 
and findings to enjoy broader relevance in other contexts that face similar challenges of labor 
market gender and racial segregation and are undergoing similar EDI movements. 
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Results 
Measuring labor force gender/racial composition and gender/EDI language in job ads.  
To capture labor force gender and racial composition, we used the UK Quarterly Labor Force 
Survey (LFS) between January 2018 and June 2023 (N = 782,189 working respondents. 
Specifically, as the gender/racial composition of the same occupation (e.g., managers) varies 
across different industries (e.g., education vs. manufacturing) (28), we positioned occupations in 
their industrial settings by creating 189 industry-occupation groups based on the cross-
tabulation between the first levels of the Standard Industry Classification 2007 (SIC1) and 
Standard Occupation Classification 2010 (SOC1). We calculated the percentages of women 
and non-white racial minority workers across the 189 groups to measure labor force 
gender/racial composition; we used the LFS weights to ensure our measures are representative 
of the UK working population. See SI Appendix, Supplementary Materials 2 for detailed 
information on and descriptive statistics for the labor force composition measures. Although we 
used the proportion of non-white workers to measure labor force racial composition, all our 
results are robust to using the Blau diversity index. This index captures the probability that two 
randomly selected individuals from an industry-occupation group belong to two different ethnic 
groups, which was calculated based on multiple racial/ethnic groups (see SI Appendix, 
Supplementary Materials 8, Table S14). 
 We developed a six-dimensional word inventory to systematically measure gender/EDI 
language in job ads, as illustrated below (see SI Appendix, Supplementary Materials 3 for the 
full inventory and information on the inventory’s theoretical bases, development, and validation): 

 
1. Building on linguistic research (29), explicit gender references include gendered 

(pro)nouns, such as “she/he,” “his/her,” and “woman/man,” which explicitly signal the 
gender orientation of a job ad. 

2. Gendered psychological cues expand on the Bems’ and Gaucher et al.’s word 
inventories (11, 12, 29). Such cues include words associated with normative gender 
orientations. For example, communal attributes such as “caring,” “sympathetic,” and 
“attentive” are typically associated with femininity, whereas agentic attributes such as 
“authoritative,” “active,” and “confident” are typically associated with masculinity (12, 30). 
 
Whereas the above two widely-examined dimensions focus on generic language rather 

than language used specifically in hiring and labor market processes (11, 12, 18, 19), we drew 
on sociology, labor economics, and management research to consider four further dimensions 
of gender/EDI language that are more specifically salient in the labor market context: 
 

3. Gendered work roles capture words describing skills and responsibilities expected of a 
job holder that are often constructed and perceived in a gendered way. For example, 
“soft” and “social” skills are typically associated with femininity vs. time-compressed and 
stressful roles, such as those involving “multitasking,” “pressure,” and “speed,” are 
typically associated with masculinity (13, 31, 32). 

4. Family responsibilities play a prominent role in shaping gendered labor force 
participation. Thus, we capture work-family cues that signal support for or constraint of 
family responsibilities (33–39): e.g., “parental leave,” “flexible” work, and “work-family 
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balance” (family-friendly, feminine) vs. “irregular” and “long work hours” (family-
unfriendly, masculine). 

5. EDI policy captures direct references to EDI legislation, regulation, and initiatives, such 
as “the Equality Act,” “Stonewall,” “Racial Equality Charter,” and “Equal Opportunity 
Employer” (9, 40, 41). These references speak to trends toward EDI legislation and 
regulation in many countries, which have increasingly encouraged employers to make 
EDI policy pledges in job ads (9, 41). 

6. EDI culture captures words that describe workplace culture as egalitarian, diverse, and 
inclusive, such as “supportive,” “accessible,” and “empowering.” Language signaling EDI 
culture reflects the diffusion of EDI as an organizational ethos, going beyond mere 
pledges of adherence to EDI policies (1, 42). 
 

 To quantify these dimensions of language, we used the natural language processing 
technique of word embedding to capture not only words in our inventory but also related words 
with similar semantic meanings (16–19). For the first four gender dimensions, we measured the 
extent to which the wording of a job ad leaned toward the masculine or feminine orientation. For 
the latter two EDI dimensions, we measured the prevalence of EDI policy/culture language in 
each job ad. Within each dimension, we scaled the language scores across all ads to range 
between 0 (most masculine/least pro-EDI) and 100 (most feminine/most pro-EDI).  

We applied the inventory to a dataset of 28,609,485 unique UK job ads posted between 
January 2018 and June 2023, collected by Lightcast—one of the largest organizations that 
monitor online job ads internationally (https://lightcast.io). Validation shows that the dataset 
comprehensively captures job ads posted on employer websites, major job platforms (e.g., 
Reed), and aggregator platforms (e.g., Monster) that collate job ads from multiple sources (43, 
44). We focused our analysis on the title and main text for each job ad, as these sections play a 
prominent role in shaping readers’ first impression of a job, thus determining whether they seek 
further information about and apply for the job. See SI Appendix, Supplementary Materials 4 for 
the methods used for calculating the language scores and attendant descriptive statistics. 
 
How gender/EDI language in job ads shapes labor force gender/racial composition. In Fig. 
2, we present the estimated impact of each dimension of gender/EDI language in job ads on 
labor force gender/racial composition. Accounting for potential bidirectional relationships 
between language in job ads and labor force composition, we estimated two-stage IV regression 
models to help mitigate endogeneity and reverse causality (27). In the models, we included the 
percentages of women/racial minority workers across the 189 industry-occupation groups in 
2018–2023 as the dependent variable, the scores for each dimension of gender/EDI language 
across the 28.6 million job ads in the same period as the predictor, and the word count of each 
job ad and its squared term as first-stage IVs. The model also controlled for the year, region, 
and source (e.g., employer website, recruiter websites) of job ads. We modeled each dimension 
of language separately. We calculated the 95% confidence intervals (CI) based on standard 
errors clustered across the 189 industry-occupation groups, as the job ads were nested within 
these groups (45). See SI Appendix, Supplementary Materials 5 for full information on the IVs 
and IV test results, Supplementary Materials 6 for details of our modeling strategy and control 
variables, and Supplementary Materials 7 for full model results.  
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[Insert Fig. 2 Here] 
Gendered language in job ads has mixed impacts on labor force gender composition. On 

the one hand, feminine as opposed to masculine language in job ads may deter female job 
seekers. In terms of explicit gender references, a one-percentile movement from the use of 
explicitly masculine to feminine (pro)nouns translates into a 0.074 percentage-point decrease 
(95% CI: –0.142, –0.006, P = 0.034) in the share of women across the 189 industry-occupation 
groups. With a one-percentile movement from masculine to feminine psychological cues and 
language associated with work roles, the share of women in the workforce decreases by 0.260 
(–0.505, –0.016, P = 0.037) and 0.096 (–0.186, –0.006, P = 0.037) percentage points, 
respectively. On the other hand, work-family cues that signal a family-friendly orientation have a 
positive influence on the share of women in the workforce. With every one-percentile movement 
on the scale of work-family cues from family-unfriendly (masculine) to family-friendly (feminine), 
the share of women in the workforce increases by 0.313 (0.037, 0.589, P = 0.026) percentage 
points. 

When it comes to EDI language, the positive impact (B = 0.102 (–0.001, 0.206), P = 
0.052) of EDI policy pledges on the share of women in the workforce is only statistically 
significant at the 10% level. Language describing workplace EDI culture has a positive impact 
on the share of women in the workforce. With every one-percentile increase in the use of 
language that signals workplace EDI culture, the share of women in the workforce increases by 
0.072 (0.005, 0.138, P = 0.034) percentage points. Compared with men, therefore, women 
appear more likely to respond positively to language signaling workplace EDI culture. 

In terms of labor force racial composition, language pertaining to neither EDI policy nor 
EDI culture has an impact on the share of racial minority workers in the workforce, as the effects 
are all close to zero and not statistically significant. Despite extensive policy, regulatory, and 
organizational efforts at communicating EDI policies and culture in job ads (1, 9), such efforts do 
not seem to have any bearing on racial minority representation in the labor force. 

 
How labor force gender/racial composition shapes gender/EDI language in job ads. Fig. 3 
presents the estimated impact of labor force gender/racial composition on gender/EDI language 
in job ads, with 95% confidence intervals. As in the previous section, we used two-stage IV 
regression models to mitigate potential bidirectional relationships between labor force 
composition and language in job ads. In the models, we included the predicted values of each 
dimension of gender/EDI language for the 189 industry-occupation groups as the dependent 
variable, adjusting for the year, region, and source of job ads. We used the percentages of 
women/racial minority workers across the industry-occupation groups as the predictor. The first-
stage IVs included lagged 2001–2002 labor force gender/racial/migrant composition measures 
across the first-level industry (SIC1) and occupation (SOC1) categories. Because all variables 
were measured at the industry-occupation or industry/occupation level, we estimated the 
models based on the reduced sample containing the 189 industry-occupation groups. See SI 
Appendix, Supplementary Materials 5 for full information on the IVs and IV test results, 
Supplementary Materials 6 for detailed modeling strategy, and Supplementary Materials 7 for 
full model results. 

[Insert Fig. 3 Here] 
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Panel A of Fig. 3 first presents the linear effects of labor force gender composition on 
each dimension of gender/EDI language in job ads. Job ads for industry-occupation groups with 
a larger share of women tend to include fewer explicitly feminine rather than masculine 
(pro)nouns (B = –0.056 (–0.085, –0.027), P < 0.001). In contrast, job ads for those with a larger 
share of women tend to include more feminine rather than masculine psychological, work-role, 
and work-family cues. With a one-percentage-point increase in the share of women in the 
workforce, we found a 0.283 (0.163, 0.403, P < 0.001) and a 0.197 (0.151, 0.243, P < 0.001) 
percentile increase in the use of feminine rather than masculine psychological and work-role 
cues, respectively. Similarly, every one-percentage-point increase in the share of women in the 
workforce is linked to a 0.084 (0.061, 0.107, P < 0.001) percentile increase in the use of family-
friendly (feminine) rather than family-unfriendly (masculine) cues. As for EDI language, labor 
force gender composition has hardly any bearing on the inclusion of EDI policy pledges in job 
ads (B = –0.043 (–0.140, 0.054), P = 0.383). By contrast, industry-occupation groups with a 
larger share of women are more likely to signal workplace EDI culture in job ads. With every 
one-percentage-point increase in the share of women, we found a 0.165 (0.116, 0.213, P < 
0.001) percentile increase in language signaling workplace EDI culture. 

Panel A of Fig. 3 also reports the linear effects of labor force racial composition on EDI 
language in job ads. Racial minority representation in the workforce positively predicts the 
inclusion of EDI language in job ads. With every one-percentage-point increase in the share of 
racial minority workers, we found a 0.765 (0.446, 1.084, P < 0.001) and a 0.806 (0.476, 1.136, P 
< 0.001) percentile increase in language associated with EDI policy and workplace EDI culture, 
respectively. 
 In Panel B of Fig. 3, we test the “compensation” hypotheses (Fig. 1) that employers word 
job ads to play up language associated with under-represented identities (Hypothesis 1, positive 
compensation) and suppress language associated with majority identities (Hypothesis 2, 
negative compensation) in the workforce. Should the compensation hypotheses hold, we expect 
to see non-linear impacts of labor force gender (orange lines) and racial (blue lines) composition 
on gender/EDI language in job ads. Building on the models reported in Panel A of Fig. 3, we 
further included the quadratic term of labor force gender/racial composition as a predictor of 
gender/EDI language in job ads across the 189 industry-occupation groups. Accordingly, we 
further included the quadratic, in addition to linear, terms of the lagged 2001–2002 labor force 
composition measures as first-stage IVs (46). 
 We found evidence of both positive and negative compensation in how labor force 
composition influences gender/EDI language in job ads. On the one hand, supporting 
Hypothesis 1, positive compensation is observed in how labor force gender composition 
influences the use of explicit gender references (Bquadratic = 0.002, (0.001, 0.004), P = 0.014), and 
how labor force racial composition influences the use of language signaling EDI policy (Bquadratic 

= 0.126 (0.076, 0.177), P < 0.001). Compared with industry-occupation groups with a medium 
share of women, those with a small share of women tend to use more explicit feminine rather 
than masculine (pro)nouns. Compared with industry-occupation groups with a medium share of 
racial minority workers, language associated with EDI policy tends to be much more prevalent in 
job ads for those with a small share of racial minority workers. On the other hand, supporting 
Hypothesis 2, negative compensation is observed in how labor force gender composition 
influences the use of gendered work-family cues (Bquadratic = –0.004, (–0.006, –0.002), P < 
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0.001). Compared with workforces with a medium share of women, those with a large share of 
women tend to use fewer family-friendly (feminine) as opposed to family-unfriendly (masculine) 
cues. 
 The evidence in this section reveals notable impacts of labor force gender/racial 
composition on gender/EDI language in job ads. Such impacts do not necessarily follow a linear 
translation of a workforce’s gender/racial characteristics into corresponding orientations in the 
wording of job ads, as posited by identity theories (23). Rather, the evidence of both negative 
and positive compensation suggests that industry-occupation groups may take a reflective 
approach to writing job ads in a potential attempt to rectify workforce gender/racial segregation. 
 
Discussion 
Understanding and tackling persistent labor force gender and racial segregation are crucial to 
facilitating equality and diversity in the labor market (1, 2, 8, 38). As a first point of contact 
between employers and job seekers, job ads “gatekeep” the labor force, and presently there are 
extensive organizational, regulatory, legislative, and technical efforts being made to diversify 
and debias language in job ads (9, 11–14, 17, 19, 30, 41). Despite these efforts, however, 
previous research offers only a limited understanding of the relationships between language 
used in job ads and labor force composition, particularly the bidirectional relationships between 
the two. Consequently, the effectiveness of interventions in the wording of job ads in helping 
reduce labor force gender and racial segregation remains elusive. 

Addressing these knowledge gaps, we systematically examined the reciprocal 
relationships between gender/EDI language in job ads and labor force gender/racial 
composition. To do so, we developed a multidimensional word inventory of gender/EDI 
language in job ads, crafted an IV modeling strategy to help disentangle bidirectional 
relationships, and leveraged natural language processing techniques in analyzing 28.6 million 
job ads. Our findings provide a labor-market-wide audit of (a) how gender/EDI language in job 
ads helps shape labor force gender/racial composition, and (b) how labor force gender/racial 
composition influences gender/EDI language in job ads. As synthesized in Fig. 4, taken 
together, our findings show that the bidirectional interplay between language in job ads and 
labor force composition contributes to both reproducing and disrupting gender/racial segregation 
in the labor market. 

[Insert Fig. 4 Here] 
First, the interplay between gender/EDI language in job ads and labor force composition 

serves to reproduce labor force gender segregation through both positive and negative 
reinforcements. For “positive reinforcement,” job ads for workforces with a larger share of 
women tend to include more feminine rather than masculine work-family cues as well as 
language signaling workplace EDI culture. In turn, feminine work-family cues and language 
signaling EDI culture contribute to increasing the share of women in the workforce. For 
“negative reinforcement,” job ads for workforces with a larger share of men tend to include more 
feminine rather than masculine (pro)nouns, and such feminine (pro)nouns have a negative 
impact on the share of women in the labor force, thus serving to reinforce the male-dominated 
composition of the workforces. Our findings, therefore, uncover mechanisms through which 
gendered language in job ads and gendered workforce composition reinforce each other to 
reproduce labor force gender segregation. Moreover, our findings suggest an unintended 
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consequence of the inclusion of EDI language in job ads (1). Insofar as female-dominated 
workforces are more likely than male-dominated ones to signal EDI culture in job ads, and 
insofar as female job seekers are more likely than male ones to respond positively to such 
language, EDI language could unintentionally serve as a vehicle of gender stratification that 
entrenches rather than mitigates labor force gender segregation. 

Second, we also found some evidence that the interplay between language in job ads 
and labor force composition could help disrupt the reproduction of labor force gender 
segregation. While job ads for workforces with a larger share of women tend to include more 
feminine rather than masculine psychological and work role cues, such cues are found to 
reduce the share of women in the workforce, thus tilting the gender composition of the 
workforce toward a more masculine direction. 

Third, our study also provides salient null findings regarding the absence of reciprocal 
relationships between some dimensions of language in job ads and labor force gender/racial 
composition. First, impact can be absent in both ways. For example, labor force gender 
composition has little bearing on the inclusion of EDI policy pledges in job ads, and such 
pledges have a very limited impact on labor force gender composition. Second, although 
workforces with a larger share of racial minority workers tend to use more EDI language in job 
ads, EDI language makes little difference to labor force racial composition. Furthermore, as our 
non-linear results show, while workforces with a low racial minority representation also tend to 
adopt a positive compensation strategy and play up EDI policy pledges in their job ads, such 
pledges have little impact on labor force racial composition. 

Despite much social, political, regulatory, and legislative emphasis on EDI and its 
representation in job ads (1, 9, 17, 19, 40, 41), EDI policy pledges and language signaling 
workplace EDI culture have no impact on workforce racial composition, for three possible 
reasons that should be systematically examined in future research. First, with legal and 
regulatory imperatives and cultural diffusion (1), EDI language and particularly policy pledges 
may have become so common in job ads that there is little variation across industries and 
occupations. Second, racial minority job seekers may view EDI claims as window-dressing 
institutional clichés that have limited appeal (9, 41). Third, the effects of EDI language in job ads 
on labor for composition may have been countervailed by intermediary procedures such as 
shortlisting and interviewing. The first possibility, however, seems unlikely given the relatively 
low prevalence of EDI policy pledges and notable variations in language signaling workplace 
EDI culture across industry-occupation groups (SI Appendix, Supplementary Material 4). Our 
findings thus call into question existing approaches to using EDI language in job ads. They urge 
policymakers, organizations, and HR professionals to develop meaningful and impactful ways to 
communicate EDI in job ads and to scrutinize the extent to which procedures such as candidate 
screening, shortlisting, and interviewing align with EDI claims made in job ads. 

The limitations of our study suggest several directions for future research. First, we 
analyzed UK job ads written in the English language. Future research could expand our 
approach to examine job ads in other languages across a wider range of countries. Second, our 
findings capture the relationships between language in job ads and labor force composition at 
an aggregate level. This reflects our effort to go beyond previous research examining how 
individuals respond to gendered psychological cues under experimental conditions (11, 12, 15, 
19), to provide large-scale evidence based on a labor-market-wide audit. Nonetheless, further 
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research is needed to illuminate the process of writing and disseminating job ads (9, 13, 20). 
Finally, although job ads are widely used across most segments of the labor market, job search 
and hiring through (informal) networks, particularly for elite jobs and family businesses (47), can 
circumvent job ads. Nevertheless, with an increasing emphasis on fairness, transparency, and 
accountability, we expect informality in the hiring process to decrease, with job ads playing a 
prominent role in formalized hiring processes.  

In conclusion, our study brings to light understudied yet important mechanisms 
underpinning the reproduction of labor force gender and racial segregation, by disentangling the 
reciprocal relationships between language in job ads and labor force composition. Although our 
findings highlight the bidirectional interplay between job ads and labor force composition, labor 
force composition cannot be changed without changing the process that selects workers into the 
labor force. The wording of job ads represents a crucial first step in this process. In this context, 
our interdisciplinary contributions—combining a novel multidimensional inventory of gender/EDI 
language in job ads, large-scale natural language processing, bidirectional modeling, and 
population-wide auditing evidence—provide a useful roadmap and toolkits for policymakers, HR 
practitioners, and employers to develop effective interventions. Policymakers can use our 
findings to frame regulatory guidelines for auditing recruitment processes, which can include 
assessing language used along the six dimensions we developed and examined. HR 
practitioners can translate such guidelines and incorporate them into professional qualification 
and certification criteria. As language in job ads partly reflects how the corresponding jobs are 
structured (e.g., irregular shifts), our findings also provide employers with clues to (re)configure 
jobs to be more inclusive. 
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data archives. Full codes for data preparation and analysis are available via the Open Science 
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information on how to use our replication codes. 
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Fig. 1. Three hypothetical scenarios of the impact of labor force gender/racial composition on 
gender/EDI language in job ads. Dashed stretches of the curves indicate the compensation 
hypotheses.  
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Fig. 2. Average marginal effects of gender/EDI language in job ads on labor force gender/racial 
composition. See SI Appendix, Supplementary Materials 7, Table S11 for model results.  

Explicit gender references → % women
Gendered psychological cues → % women
Gendered work roles → % women
Work-family cues → % women
EDI policy → % women
EDI culture → % women
EDI policy → % racial minority
EDI culture → % racial minority
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(A) Linear effects 

 
(B) Non-linear effects 

 
Fig. 3. Average marginal effects of labor force gender/racial composition on gender/EDI language in 
job ads. See SI Appendix, Supplementary Materials 7, Tables S12–S13 for model results.   

% women → explicit gender references
% women → gendered psychological cues
% women → gendered work roles
% women → work-family cues
% women → EDI policy
% women → EDI culture
% racial minority → EDI policy
% racial minority → EDI culture

 

Pathway of impact
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Fig. 4. Three types of interplay between gender/EDI language in job ads and labor force 
gender/racial composition. Positive impact = an increase in the % of women/racial minority workers 
in the labor force leading to more feminine rather than masculine/more pro-EDI wording of job ads, 
or more feminine rather than masculine/more pro-EDI wording of job ads leading to a higher % of 
women/racial minority in the labor force. Negative impact = an increase in the % of women/racial 
minority workers in the labor force leading to more masculine rather than feminine/less pro-EDI 
wording of job ads, or more feminine rather than masculine/more pro-EDI wording of job ads leading 
to a lower % of women/racial minority in the labor force. No impact = estimated impact not 
statistically significant at the 5% level (based on Figs. 2 and 3). 
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Supplementary Materials 1: Contextual information on the labor market and job 
advertising in the United Kingdom 
 
Gender and racial segregation characterize many labor markets around the world. Across all 
Organisation for Economic Co-operation and Development (OECD) countries, women are less 
likely to participate in the labor force than men, and work in distinct occupations and industries, 
particularly care and service sectors (1). Despite progress toward equality over the 20th century, 
including the dismantling of legal segregation, narrowing of gender wage gaps, and the 
entrance of many women into professional occupations, inequalities persist and have sparked 
global policy interest in areas ranging from women’s career advancement to the hampering of 
long-term productivity growth (1). Similarly, in many countries, immigrants and racial and ethnic 
minorities face significant barriers to obtaining adequate employment or reaching the highest-
paying or high-status occupations (2). Racial and ethnic segregation and inequality tend to 
reflect country-specific histories of immigration and racialization, resulting from immigration 
pathways explicitly tied to labor market positions, racial and ethnic discrimination, and/or 
network differences, among other mechanisms (3, 4). As such, governments and organizations 
across the world have worked to address labor market gender and racial segregation and build 
more equitable labor markets through national legislation and private and public sector 
organizational initiatives. 

One such intervention focuses on attracting diverse applicants through disseminating job 
advertisements (ads) widely, and in ways that encourage diverse groups to apply. Across the 
world, job advertising increasingly takes place online on job posting, recruitment, and search 
platforms (5, 6). Such online job advertising may play a critical role in shaping opportunities in 
the labor market and ultimately the composition of the labor force by (a) disseminating 
information to relevant applicant pools; (b) encouraging formalized positions that bring together 
distinct skillsets; and (c) framing and advertising positions in language that appeals or deters 
certain groups of applicants, including those with and without protected characteristics. 
Organizations are increasingly attuned to biased language in ads and using strategies to de-
bias language or include explicit statements expressing commitment to Equity, Diversity, and 
Inclusion (EDI) or compliance with equality legislation (7).  

The United Kingdom (UK), like many other liberal economies such as the United States 
(8), fits squarely within this global pattern, with a labor market that is highly segregated by 
gender, race, and ethnicity, coupled with a sustained interest in fostering EDI. Reflecting unique 
histories of labor force engagement, marginalization, and inequality, women and racial/ethnic 
minorities face distinct labor market challenges in the UK. Women participate in the labor 
market at lower rates than men, are more likely to be employed part-time and work in unique 
occupations, industries, and sectors of employment (9, 10). Recent statistics indicate that 
women account for the vast majority of workers in healthcare, social services, and education 
sectors, but represent a small minority in primary and secondary industries like mining and 
construction(10). As a result of this industry segregation, women are much more likely than men 
to be employed in the public sector. Occupations are similarly highly segregated by gender. 
Men remain more likely to work in management and skilled trades occupations, while women 
are more likely to work in care, administrative support, and sales occupations (10). Notably, 
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women have made significant inroads into professional occupations and are almost as likely as 
men to work in professional occupations (10). 

Racial and ethnic differences in the labor market also abound. In the UK, racial and 
ethnic differences are commonly described in terms of the official “ethnic group” classification in 
the Census, which are a mix of country of origin (typically associated with ethnicity) and skin 
color distinctions (typically associated with racial classification), including Asian or Asian British 
(Indian, Pakistani, Bangladeshi, Chinese or other); Black, Black British, Caribbean or African; 
Mixed; White (British, Irish, Gypsy or Irish Traveler, Roma, and other white groups), and other 
ethnic groups (e.g., Arab) (11). While some ethnic and racial minorities (compared to White 
British) have gained footholds in the labor market, with high rates of employment, and in high-
paying occupations and industries, many ethnic and racial minorities face higher rates of 
unemployment, and limited access to stable and lucrative forms of employment (12, 13). For 
instance, while White British people are fairly evenly distributed across occupational groups, 
African, Bangladeshi, and Pakistani groups are highly segregated (14). Evidence from field 
experiments suggests that this reflects both ethnic and racial discrimination (15). Coupled with 
gender inequality, racial and ethnic minority women tend to have worse labor market outcomes 
than White British women and men, and racial and ethnic minority men occupy lower status 
positions than white British men (12, 13, 16). 

Given these disparities, the UK government and many public and private sector 
organizations have implemented policies to encourage EDI in the labor market and workplaces. 
The Equality Act 2010 prohibits discrimination and harassment based on certain characteristics, 
including sex, gender reassignment, marriage and civil partnership, pregnancy and maternity, 
and race (17). Under the Act, the public sector has an additional duty to advance equality of 
opportunity between persons with and without protected characteristics. Language in job ads 
may offer a key avenue for advancing EDI, both through attracting diverse candidates and/or 
signaling commitments to the UK’s national legislation.  
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Supplementary Materials 2: Measuring labor force gender/racial composition 
 
2.1. Labor force data 
We used data from the UK Quarterly Labor Force Survey (LFS) 
(https://beta.ukdataservice.ac.uk/datacatalogue/series/series?id=2000026#), which provide 
reliable information on the UK labor force. Specifically, we used LFS data between January 
2018 and June 2023 to capture current labor force gender/racial composition and data between 
April 2001 and December 2002 to capture lagged labor force composition as IVs. The first 
quarter of the 2001 LFS was not used because it did not include comparable ethnicity measures 
vis-à-vis the 2018–2023 LFS. The dataset for calculating labor force composition in 2018–2023 
contains 782,189 working respondents who provided valid information on their industry, 
occupation, gender, and ethnicity, and that for calculating labor force composition in 2001–2002 
contains 430,358 working respondents who provided valid information for our focal variables. 
The weights provided as part of the LFS were used to adjust for sampling design and non-
response bias such that our results are representative of the UK working population. 
 
2.2. Labor force gender/racial composition measures 
To calculate the labor force composition measures, we first distinguished 21 major industrial 
sectors at level 1 of the 2007 Standard Industrial Classification (SIC) and 9 major occupational 
categories at level 1 of the 2010 Standard Occupational Classification (SOC). We created 189 
industry-occupation groups by cross-tabulating these major industry and occupation categories, 
as gender/racial composition for the same occupation category can vary considerably across 
different industries (18). We did not use more detailed industry and occupation classifications to 
ensure sufficient cell sizes for reliable analysis. Detailed lists of the industry and occupation 
categories are presented in Section 2.3 below. 

Labor force gender composition was measured as the percentage of women as opposed 
to men in each of the 189 industry-occupation groups. We limited our measurement of gender to 
the male and female sexes as this measurement speaks to how occupational gender 
segregation is conceptualized and operationalized in previous research (9). However, we 
recognize that future research could extend our analysis to consider a more diverse range of 
gender identities. For labor force racial composition, we measured the percentage of racial 
minority as opposed to white workers in each of the 189 industry-occupation groups. The racial 
minority category includes all ethnic groups other than white British, Irish, and other white 
groups, as defined by the UK Office for National Statistics (11). This operationalization 
highlights visible racial traits (e.g., skin color) underlying racial segregation, discrimination, and 
inequality in the labor market (19). Tests showed that our results are robust to measuring racial 
composition using the Blau index (20) capturing ethnic diversity in each industry-occupation 
group across six major ethnic categories—the index captures the probability that two randomly 
selected individuals belong to different ethnic groups (11) (white British, white Irish, other white, 
mixed, Indian, Pakistani, Bangladeshi, Chinese, other Asian, Black African/Caribbean/Black  
British, and other; see SI Appendix, Supplementary Materials 8, Table S14).  
 
2.3. Descriptive statistics for labor force composition measures 
Table S1 presents the descriptive statistics for the labor force composition measures. 
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Table S1. Descriptive statistics for labor force gender/racial composition  
Industry-occupation group – 
SIC level 1, SOC level 1 (N = 
189) 

Mean/SD/Skewness/ 
Kurtosis 

Histogram (percentage) 

% women in labor force  42.452/24.037/0.084/1.988 

 
% racial minority in labor force 11.598/6.432/0.854/4.767 

 
 

Table S2 and Fig. S1 present the labor force composition scores for each of the 189 
industry-occupation groups used in the analysis. As the results show that despite long-term 
progress toward gender and racial equality at work, labor force gender and racial segregation 
persists in the UK, as in many other countries (1, 9, 15, 19). As the gender/racial composition of 
the same occupation (e.g., managers) varies across different industries (e.g., education vs. 
manufacturing), we position occupations in their industrial settings by creating 189 industry-
occupation groups based on the cross-tabulation between the first levels of the Standard 
Industry Classification 2007 (SIC1) and Standard Occupation Classification 2010 (SOC1) (18). 
            
Table S2. Percentages of women/racial minority workers across 189 industry-occupation 
groups  
Industry (SIC 
level 1) 

Occupation (SOC level1) 
1 2 3 4 5 6 7 8 9 

% women          
A 28.60 33.18 44.41 87.64 17.51 71.02 54.95 18.48 31.23 
B 21.76 19.95 18.65 72.98 2.63 62.56 37.21 0.72 4.09 
C 23.41 23.00 31.81 70.14 8.13 56.78 50.05 21.19 28.32 
D 20.12 17.63 33.89 69.51 3.51 42.77 51.30 10.92 9.60 
E 25.79 28.92 31.91 73.28 4.35 23.60 51.54 5.62 5.94 
F 16.99 16.21 33.42 80.83 1.17 38.04 44.77 1.90 4.50 
G 32.57 40.95 45.48 71.25 15.15 67.22 63.42 15.52 36.13 
H 21.70 28.89 25.27 58.59 3.75 55.43 54.33 5.73 24.39 
I 46.30 50.08 58.36 72.34 30.51 74.38 59.47 18.09 61.54 
J 27.27 22.52 36.15 70.17 9.42 64.42 46.31 18.19 42.13 
K 33.46 32.93 36.67 69.91 6.91 70.31 60.43 21.67 44.03 
L 46.17 38.10 59.21 78.96 8.97 47.87 67.15 13.49 40.76 
M 37.41 35.62 48.30 73.32 11.39 79.85 56.77 16.28 34.18 
N 39.03 38.57 46.50 72.57 14.92 63.73 48.60 11.48 51.66 
O 44.08 53.46 41.65 69.53 14.34 75.72 63.74 16.55 47.37 
P 54.20 66.55 64.58 87.10 51.81 86.36 66.55 25.88 87.09 
Q 68.40 74.86 72.53 86.97 43.90 82.55 67.06 20.07 67.94 
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R 36.88 48.77 44.24 69.23 18.21 51.74 60.63 10.33 54.62 
S 55.52 40.17 59.08 75.69 12.61 81.95 65.51 24.75 57.99 
T 61.28 68.78 78.99 85.38 28.13 90.84 32.44 23.70 92.18 
U 32.46 35.09 24.28 60.51 0.00 39.47 46.85 0.00 35.30 
% racial 
minority          
A 0.98 2.77 3.34 0.00 0.59 1.12 7.75 2.48 2.44 
B 3.50 15.23 5.10 4.23 7.55 0.00 13.92 0.72 0.00 
C 6.85 11.82 7.75 8.10 5.78 15.11 10.54 10.71 12.85 
D 8.40 12.15 9.43 9.82 7.54 0.00 13.97 15.91 17.52 
E 5.14 6.67 8.19 7.44 2.64 6.82 9.88 6.33 8.66 
F 6.89 11.60 7.29 8.16 4.77 7.65 8.76 6.04 7.05 
G 12.52 24.01 10.12 9.39 8.06 16.07 14.43 9.51 14.17 
H 11.20 14.41 10.85 15.26 8.10 14.76 22.67 24.94 18.08 
I 15.87 13.61 13.74 13.42 23.23 10.65 22.58 30.49 15.08 
J 14.19 21.51 14.33 15.53 13.86 16.50 11.76 12.48 13.10 
K 16.24 22.51 13.57 12.39 9.87 8.04 14.81 10.10 20.00 
L 11.39 15.22 11.50 14.75 5.06 14.39 10.72 8.96 8.10 
M 8.55 14.51 12.27 14.30 10.79 4.58 16.06 10.05 14.27 
N 10.68 16.43 11.10 13.30 3.19 17.80 12.85 11.18 20.28 
O 8.73 14.72 8.80 11.92 10.47 19.02 12.87 9.64 12.83 
P 9.52 11.41 10.54 8.95 9.78 11.05 17.68 11.95 15.22 
Q 11.23 22.86 14.10 11.54 10.51 19.23 11.07 7.82 18.02 
R 7.51 8.44 8.95 5.67 3.71 6.82 14.90 5.63 8.29 
S 12.17 12.24 12.08 10.98 10.03 9.13 18.05 7.76 19.52 
T 0.00 35.14 16.01 9.56 3.15 27.63 0.00 9.35 11.68 
U 19.14 21.69 15.33 32.93 16.03 0.00 26.90 35.14 2.68 
Note: Calculated based on pooled Quarterly Labor Force Survey data between January 2018 and June 
2023. SIC = Standard industry classification 2007, where A = Agriculture, forestry and fishing, B = Mining 
and quarrying, C = Manufacturing, D = Electricity, gas, steam and air conditioning supply, E = Water 
supply, sewerage, waste management and remediation activities, F = Construction, G = Wholesale and 
retail trade; repair of motor vehicles and motorcycles, H = Transportation and storage, I = 
Accommodation and food service activities, J = Information and communication, K = Financial and 
insurance activities, L = Real estate activities, M = Professional, scientific and technical activities, N = 
Administrative and support service activities, O = Public administration and defence; compulsory social 
security, P = Education, Q = Human health and social work activities, R = Arts, entertainment and 
recreation, S = Other service activities, T = Activities of households as employers; undifferentiated goods- 
and services-producing activities of households for own use, U = Activities of extraterritorial/international 
organizations and bodies. SOC = Standard occupation classification 2020, where 1= Managers, directors, 
and senior officials, 2 = Professional occupations, 3 = Associate professional and technical occupations, 
4 = Administrative and secretarial occupations, 5 = Skilled trades occupations, 6 = Caring, leisure and 
other service occupations, 7 = Sales and customer service occupations, 8 = Process, plant, and machine 
operatives, 9 = Elementary occupations. Racial minority refers to all ethnic groups other than white 
British, white Irish, and other white groups. 

 
In Fig. S1, the left panel depicts the percentage of women in each industry-occupation 

group, with a lighter color indicating a larger share of women as opposed to men. There is clear 
evidence of occupational gender segregation. While managerial, professional, and manual (e.g., 
skilled trade) occupations are largely dominated by men, service occupations (e.g., care, 
leisure, sales) are female-dominated. There is also notable industrial gender segregation: 
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whereas manual (e.g., mining and quarrying, construction) and STEM (science, technology, 
engineering, and mathematics) industries tend to be male-dominated, industries such as 
education, health, and social work are female-dominated. Considering industry-occupation 
intersections further reveals additive gender segregation. For example, 72.7% of managers in 
the information and communication industry and 98.8% of skilled-trade workers in construction 
are men, whereas 87.1% of administrators in education and 82.6% of care and service workers 
in health and social work are women. 
 

 
Fig. S1. Gender and racial compositions of industry-occupation groups. Calculated based on 782,189 
working respondents across 189 industry-occupation groups from the Office for National Statistics 
Quarterly Labor Force Survey between January 2018 and June 2023. Industry is measured at level 1 of 
the Standard Industry Classification (SIC), and occupation is measured at level 1 of the Standard 
Occupation Classification (SOC). White racial identity includes white British, white Irish, and other white 
ethnic groups, and racial minority identity refers to all other ethnic groups. 
 

The right panel of Fig. S1 depicts the percentage of racial minority workers in each 
industry-occupation group, with a lighter color indicating a higher share of racial minority as 
opposed to white (white British, white Irish, and other white) workers. Small occupational 
differences are noted, with the percentage of racial minority workers ranging from 3.8% (skilled 
trade) to 7.6% (sales and customer service). Greater variations are found across different 
industries, with the percentage of racial minority workers ranging from 0.9% (agriculture, 
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forestry, fishing) to 16.9% (international organizations). Some industry-occupation groups have 
a particularly high concentration of racial minority workers, including administrators in 
international organizations (32.9% racial minority) and process, plant, and machine occupations 
in accommodation and food service sectors (30.5% racial minority). By contrast, there are 
hardly any racial minority managers in agricultural, forestry, and fishing industries or racial 
minority elementary workers in mining and quarrying. 
 The patterns reported in Table S2 and Fig. S1 are not entirely surprising, as they echo 
historical records of labor force gender and racial segregation. Nonetheless, our findings 
highlight the continuing relevance of examining gender and racial segregation in the UK labor 
force. 
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Supplementary Materials 3: A multidimensional word inventory of gender/EDI language 
in job ads  
 
Table S3 presents an illustration of our multidimensional word inventory of gender/EDI 
language. In this section, we elaborate on the background, theoretical and empirical 
underpinnings and the methodological procedures for developing and validating the inventory.  
 
Table S3. A multidimensional inventory of gender and EDI language in job ads—An illustration 
Dimensions Example lexicons Example job advertisement excerpts 
Explicit 
gender 
references 

Masculine: he, men, 
his 
Feminine: she, he, 
women 
 

● Jenna discovered collaboration working at [company name]. 
Playing off everyone’s unique strengths and utilizing them to reach 
shared goals is what Jenna loves most about her work at 
[company name].  

● The use of the masculine in our communications refers equally to 
both men and women. 

● The supervisor is responsible to manage, organize, prioritize and 
direct the operations of his or her department to meet production 
schedules. 

Gendered 
psychologica
l cues 

Masculine: confident, 
effective, innovative, 
(pro)active, practical, 
pragmatic, problem-
solving 

● Confident to work with high-calibre people. 
● Proven ability to be effective in a fast-paced, ambiguous, and 

changing environment. 
● Encourage new ideas and innovative approaches and actively 

share knowledge and experience to enhance the development of 
the team. 

 Feminine: attentive, 
accurate, timely, 
caring, polite, 
diplomatic 

● You have strong attention to detail. 
● Responsible for the timely and accurate maintenance of 

accounting systems at [town name].  
● High level of initiative, maturity, tact and diplomacy. 

Gendered 
work roles 

Masculine: multi-
task, pressure, 
speed, stamina, 
stress  

● Manage multiple competing projects and priorities under time 
pressure. 

● Multi-tasks, sets appropriate priorities and acts every day with a 
sense of urgency and speed to move the organization forward. 

● As a [company name] worker you will be faced with stressful 
situations. 

 Feminine: social 
skills, collaborate, 
communication 

● Strong written and oral communication skills. 
● Ability to maintain organised, well-documented records. 
● Proficient interpersonal and client services skills, ability to 

effectively communicate and collaborate with all levels of the 
organization. 

Work-family 
cues 

Masculine (family-
unfriendly): travel, 
after hours, nights, 
weekends 

● This role is based in [place name] with travel throughout North 
America and some global travel required. 

● Hours will vary and will include evening and weekend work. 
● You are prepared to work nights and weekends, as required. 

 Feminine (family 
friendly): part-time, 
paternity (leave), 
flexible, regular 
hours, work-life 
balance 

● We promote work-life balance.  
● Benefits: […] maternity and parental leave benefits, vacation (4 

weeks), personal and family leave days. 
● [company name] offers employees … flexible family-friendly 

programs and opportunities for professional and personal 
development. 

EDI policy  Equality Act, 
specific minority 
identities 

● No terminology in this advert is intended to discriminate against 
any of the protected characteristics that fall under the Equality 
Act 2010. 
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● [Company name] is an Equal Opportunity employer. 
● Equality of opportunity is our policy. 

EDI culture Work environment, 
advance careers, 
benefits 

● We offer … a pleasant work environment and benefits package.  
● We are committed to providing an inclusive and barrier-free work 

environment, starting with the hiring process. 
● We have a supportive, family-oriented group of staff that are 

great to work with. 
Note: EDI = Equality, diversity, and inclusion. Focal words/phrases are highlighted using bold font.  
 
3.1. Background 
It is clear from existing research that language used in job ads plays a central role in shaping 
how job seekers respond to the advertisements. Now classic studies, such as Bem and Bem 
(21), show how gendered language in job ads discourages applicants of the opposite sex from 
applying for jobs. Subsequent studies have also shown how implicit gender preferences are 
signaled through the use of specific traits and behavioral terms (22). Against this backdrop, we 
developed a systematic multidimensional word inventory for capturing gender and EDI cues in 
labor market texts including job ads. 

To contextualize our contribution, we begin Section 3.2 with a brief review of existing 
word inventories, noting their strengths but also the limitations of social and cognitive 
psychological perspectives that inform much work in this area. We also outline our own 
multidisciplinary approach, building on sociology, labor economics, management, and 
organization studies, that is attuned to context and the social construction of gender and 
ethnicity/race as they relate to inequalities in the labor market. In Section 3.3, we discuss our 
methodological approach, which relies on expert coding of actual job ads, and iterative cycles of 
inter-rater comparison and validation. Following a “toolkit” approach in Section 3.4, we introduce 
our word inventory, which offers comprehensive coverage of gender/EDI words/phrases that 
may reflect employers’ preferences with respect to characteristics including the gender and 
racial/ethnic identities of potential applicants. In addition to supporting the analyses represented 
in this Article, our word inventory promises broader relevance for researchers working on 
analyses of labor-market-related languages. In Section 3.5, we discuss the limitations and 
broader use of our word inventory beyond the context of this research. 
 
3.2. Existing inventories and our approach 
There are two dominant approaches to developing inventories of biased language. The first is 
rooted in psychological understandings of sex/gender roles and personality traits and identifies 
words traditionally associated with masculine or feminine characteristics (i.e., caregiving, 
assertiveness; agentic vs. communal) (23, 24). The Bem Sex-Role Inventory, for instance, is a 
list of words associated with masculinity and femininity identified through studies where 
participants indicated words or traits that are desirable for men or women (25, 26). Further 
research has demonstrated the importance of such word choices for attracting or deterring 
applicants to certain jobs, and that gender-biased language varies according to the level of male 
dominance in an occupation or level of gender inequality in a country (25, 27, 28). The second 
approach relies on examining the linkages between gendered names, pronouns and nouns, and 
language, often using a large corpus to identify word associations (29). Recently, scholars have 
begun to integrate these methods. For instance, Cryan and colleagues combine lexicon-based 
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and word association approaches, first identifying target words, then using crowdsourced 
participants to score thousands of words for masculinity and femininity, and finally using 
supervised learning to identify additional biased words in a larger corpus (23). 

While these approaches are useful in conceptualizing and identifying biased language, 
they are necessarily limited. First, both approaches thus far have been used to focus on a 
singular dimension of inequality, most often gender. Second, both offer a “one-size-fits-all” list of 
words, failing to account for differences in language used in different social settings. For 
instance, the contents of a word inventory may not be exhaustive of the ways employers subtly 
signal gender preferences or preferences related to other employee identities such as ethnicity 
and race. Yet, corpus-based approaches highlight biased text across a generic range of 
contexts (e.g., the Wikipedia) such that identified biased words might not be locally meaningful, 
especially in formalized and regulated labor markets. Together, both fall short of explicitly 
attending to contextual cues in language. These gaps motivate our proposed method. 

The method we outline below builds on and goes beyond psychological approaches to 
identify contextually relevant social cues in job ads that may signal preferences for certain types 
of workers. We rely on expert coding conceptually informed by research in sociology, labor 
economics, and management and organization studies. By relying on expert qualitative coding 
rather than mere empirical associations of words and generic gender roles, we are also able to 
identify concepts and words linked to other forms of categorical inequality, such as those based 
on race and ethnicity. There are well-established separate bodies of research on the labor 
market outcomes of women and racial minorities that point to unique barriers and some shared 
challenges in the labor market. Our approach is attuned to how job ads may convey these 
unique and shared challenges, as discussed in further detail below. 
 
3.3. Method for creating and validating the word inventory 
Our analysis is informed by qualitative coding methodology—the process of labeling and 
mapping the meanings and messages in text (30). The deductive nature of qualitative coding 
facilitates an in-depth and embedded understanding of the messages conveyed in the text (31). 
These meanings are grounded within the specific context in which these texts are produced and 
read (32). Our analysis of the cues that appear in job ads is rooted in the expertise of social 
scientists in our team and scholarship on labor market inequality connected to gender, ethnicity, 
race, and broader EDI issues. A similar approach of relying on academic literature for 
generating word embeddings was reported by Manzini and colleagues (33). 

Informed by the conceptual framework outlined above, our methodology for producing a 
word inventory for identifying gender/EDI words/phrases in job ads comprised several steps, 
including preliminary qualitative coding, conceptual analysis of the corpus of preliminary codes, 
and inter-coder verification and finalization. First, we derived a randomly-selected sample of 160 
real job ads from our dataset of job ads. Using the sample, the team, building on their 
disciplinary expertise in employment and organization, immigration, racial/ethnic relations, 
gender, work and family, conducted a preliminary qualitative content analysis to identify cues 
associated with gender, ethnicity, citizenship, work-family balance, and EDI. Next, the team 
performed a conceptual analysis of the preliminary coding, grounded in the labor market 
inequality literature. The final phase included an inter-rater reliability verification and close 
collaboration with computer scientists to refine the corpus and adapt it to algorithmic use. At this 
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stage, words (or word roots) that have extremely low frequencies of appearance (less than 20 
counts) in our large database of 28.6 million job ads were eliminated from the inventory. The 
next sections elaborate on each of the steps in detail. 
  
3.3.1.  Preliminary qualitative coding 
From our main corpus of job ads, a random sample of 160 real-data job ads was generated 
using the Mersenne Twister random function in Python. Four social scientists in the research 
team each manually coded 40 of the selected job ads to identify all potential cues related to 
gender, ethnicity/race, and EDI. This preliminary coding generated a large corpus of key 
words/phrases that clustered across three main areas: (a) explicit gender references (such as 
pronouns [she/he/her/him]); (b) implicit psychological, behavioral, and cognitive cues that 
describe candidates and roles, such as agentic and communal traits; and (c) explicit and implicit 
cues that describe the workplace characteristics, work-family policies, and EDI policies.  
  
3.3.2. Conceptual analysis of the preliminary corpus 
The next stage involved organizing the large pool of key words/phrases generated from the 
preliminary coding across distinct conceptual dimensions and categories. During this phase, we 
conducted a multi-stage content analysis. First, we cleaned and de-duplicated the cues 
identified by different coders. Second, we conducted another round of coding to identify the 
orientations of the keywords within its conceptual cluster, such as “masculine” vs. “feminine” for 
gender cues and cues that “promote” vs. “hinder” work-family balance and EDI. This stage was 
informed by theories and existing scholarship on gender inequality, work-family relations, 
racial/ethnic relations, and EDI in the labor market. While during the process of identifying 
gendered psychological cues, we partly relied on previously documented agentic and communal 
psychological traits (25, 26), our analysis of cues in other dimensions such as race/ethnicity, 
work roles, work-family policies, workplace characteristics, and EDI policies was new. 

To perform the conceptual analysis of dimensions other than explicit gender references 
and cognitive/psychological gender cues, we turned attention to traits typically associated with 
status-based forms of (de)valuation as well as explicit barriers, policies, programs, workplace 
environments that may hinder or encourage applicants with, for instance, different gender and 
racial identities. As an example, we incorporated words describing skills, such as 
“communicational” and “soft” skills following evidence that the notion of soft skills can lead to the 
exclusion of ethnic/racial minorities in the labor market (34, 35). In another example, we 
identified words that replicate documented structural barriers that exclude women, particularly 
given the gendered construction of family and care responsibilities, from male-dominated fields, 
such as “long hours” and “frequent trips” (36, 37). In this stage, to ensure the reliability and 
validity of this analysis, we combined both separate and shared iterations of analyses between 
the four coders, followed by discussions until a consensus on the final conceptual dimensions 
was reached. 
 
3.3.3. Inter-rater reliability, inventory cleaning, and finalization 
To ensure the scientific rigor of our word inventory, we paid particular attention to inter-rater 
validity and reliability, as well as computational validation. Specifically, each phase included an 
individual coding of data conducted by four independent coders specializing in labor market 
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inequalities associated with gender, work and family, and EDI in the labor market. In each round 
of coding, individual coding was followed by group sharing and discussion of the preliminary 
outcomes among the four coders. This combination of individual and group analysis allowed the 
team to trace the development of the word inventory, to ensure inter-rater reliability in each 
phase and contextualize each phase within relevant scholarly literature, policies, and definitions. 
The conceptual dimensions and word inventory were further validated by three additional expert 
coders from the team. Through a double-blind coding approach, the three additional coders 
independently assessed the dimensions and coding produced by the first four coders, which 
demonstrated a high level of consistency. The dimensions and word lists were then finalized 
through further deliberation across the four coders and three additional validators. Because we 
used an iterative multi-round coding process that represents a knowledge construction process, 
the inter-coder consistency rate in the developmental coding varied between 0.6–0.8. Notably, 
once we reached the final set of words for our inventory, the final validation by three fresh 
validators within the team achieved a high level of inter-coder consistency exceeding 0.8.  

As a key purpose of the development of this word inventory was to ensure accurate 
computational analysis of gender/EDI language in job ads, the word inventory was finalized with 
further input from computational experts. This step included reworking the words into their “root” 
version to allow the identification of multiple related words with the same root and semantic 
meaning.   
 
3.4. The detailed word inventory 
In this section, we describe the word inventory used for calculating the gender/EDI language 
scores reported in the Article. The inventory is formed, at the first level, of two broad sets of 
words—i.e., gender language and EDI language. While inventories for the identification of 
gender biases have had a long tradition (for example, dating back to Bem’s inventory developed 
in 1974), we particularly separate out the second set of EDI cues that have been less 
systematically identified and synthesized in existing research. 

On the one hand, within the set of gender cues, we further distinguished four lists of 
words in terms of explicit gender references, gendered psychological cues, gendered work 
roles, and work-family cues, with the first two dimensions expanding on existing inventories and 
the latter two dimensions representing our new development. Detailed information on and 
theoretical underpinnings for each word list are presented below. Here, it is important to note 
that we removed from the list of gendered psychological cues the words that overlap with those 
in the Gaucher, Freisen, and Kay (25) and Bem (26) inventories. Thus, for identifying 
psychological cues, the inventory needs to be used in combination with the Gaucher, Freisen 
and Kay (doi:10.1037/a0022530) (2011) and Bem (doi:10.1037/ h0036215) (1974) inventories. 
On the other hand, the EDI cues cover two lists of words in terms of EDI policy (and legislation) 
cues, and workplace EDI culture and practice. Together, the word lists form a comprehensive 
word inventory for gender/EDI language in a labor market context, but each specific word list 
can be used on its own to probe different dimensions of labor market, human resources, and 
organization processes. To optimize our word inventory for computation analyses, we use the 
symbol “*” to indicate the cut-off for word root, and multiple database formats are provided. 
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3.4.1.  Explicit gender references 
Job ads may include direct references to gender, through explicit mentions of gendered nouns, 
pronouns, and identity markers. 
 

Feminine 
Words and word roots: gal; *women; 
*woman; lady; her; she; feminine 

Masculine 
Words and word roots: guy; *men, *man; his; 
he; masculine 

 
3.4.2. Gendered Psychological cues (excluding the Gaucher et al. [2011] and Bem [1974] 

inventories) 
The second list builds on existing, widely used psychological inventories of traits associated with 
gender roles. Gender inequality in labor markets is long-standing and despite changing gender 
relations, legislation, and economic dynamics, progress toward gender equality has largely been 
characterized as “stalled” (38, 39). Although women’s labor force participation has increased 
dramatically in the last thirty years, women have made only limited and selective inroads into 
traditionally male-dominated occupations and face wage penalties even in highly paid 
occupations, contributing to persistent gender segregation and gender wage gaps {Citation}. 
Status-based expectations attached to gender form the standards against which people are 
selected, evaluated, and rewarded, which may ultimately contribute to both segregation and 
gender wage disparities (40, 41). For instance, women are often perceived as less committed to 
professional careers (42) and less suitable to perform tasks in fields that have been traditionally 
male-dominated (43). These expectations and organizational priorities shape employer, 
colleague, and customer perceptions of an “ideal worker” (44, 45). The list of words below 
captures psychological cues that tap into these gendered expectations. 
  

Feminine 
Words and word roots: 
accura*; attent*; caring; 
collabor*; committed; 
communicat*; courteous; 
creative; dedicated; 
detail*; diploma*; follow*; 
friendly; organized; 
patient; persua*; polite; 
thoughtful; tact*; timely; 
welcome 
Exact phrases: person*-
centered; attention to 
detail 

Masculine 
Words and word roots: accountab*; alone; authoritative; best; 
busy; calm*; composed; confiden*; driven; dynamic; eager; 
effective*; efficient*; eloquent; empower; energ*; engag*; 
enthusias*; exceed; excel*; exceptional; exciting; firm; frank; 
fun; initiative; innovative; inspirational; limitless; motivat*; 
outgoing; outstanding; passion*; perseverance; persistent; 
practical; pragmatic; proactive; productiv*; reliab*; resilien*; 
resolve; resourcefulness; respected; serious; strong; talented; 
tenacious*; vibrant; win* 
Exact phrases: can-do; forward thinking; hard-working; high 
quality; high calibre; problem solv*; self-driven; self-motivated; 
self-starter; think outside the box; time* management 

 
3.4.3. Gendered work roles 
The third list focuses on the roles employers expect job applicants to carry out at work. The 
work practices expected of a job candidate can often be gendered. The importance of role 
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enactment in (re)producing gender (biases) is firmly anchored in the conceptualization that 
gender, as an achieved social status, is enacted through the ongoing “doing” of gender (46). In 
the literature on gender in the labor market, it has long been established that different work 
tasks and occupational contexts are often sex-typed to denote gendered traits and preferences 

(47, 48). The following list of words capture potentially gendered ways in which employers 
describe the expected roles of a worker. 
 

Feminine 
Words and word roots: 
administrat*; communicat*; 
interpersonal; listening; 
organiz*; repetitive  
Exact phrases: people skills; 
social skills; soft skills 

Masculine 
Words and word roots: physical*; bend*; challeng*; 
cold; crouch*; demand*; driving; exert*; fit*; heavy; 
humid; lift*; kneel*; mov*; negotiat*; numera*; pressure; 
pulling; pushing; reaching; risk*; safety; precautions; 
speed; stamina; stoop*; stress*; transport; twisting; 
weight; wet; outdoors 
Exact phrases: hands-on; multi-task 

 
3.4.4. Work–family cues 
Gender biases at work are constructed in relation to other life domains such as the family. 
Indeed, gender biases in job ads are often associated with the differential roles women and men 
assume in different-sex families. Decades of work-family scholarship clearly shows that 
employers’ family(-friendly) policies have a significant impact on the gendered labor force 
participation of job candidates and employees (45, 49). Gender biases and inequalities in 
phenomena such as the female marriage penalty, fatherhood premium, and motherhood penalty 
in the labor market all reflect the importance of the work-family interface in shaping labor market 
dynamics and outcomes (50–52). Further, as expected roles in the family differ for individuals of 
different gender identities, experiences of work-family conflict and balance also vary across 
different genders (53). As a result, employers’ flexible work, work-family balance, and family 
support policies, and the temporal regimes of employment schedules play significant roles in 
shaping work participation and experiences in highly gendered ways (54, 55). The following list 
includes potential cues that may invoke gendered work-family orientations and considerations, 
with “feminine” cues indicating those that support work-family integration (WFI) and “masculine” 
cues indicating those that are barriers to WFI. 
 

Supports WFI (feminine, family friendly) 
Words and word roots: childcare; flextime; 
holiday; maternity; maternal; mother; 
motherhood; father; fatherhood; paternity; 
paternal; parenthood; parental; permanent; 
pregnancy; part-time; sabbatical; scheme; 
subsidize*; telecommute; telework; vacation 

WFI challenge (masculine, family 
unfriendly) 
Words and word roots: callout; 
evening*; furlough; indefinite; layoff; 
multisite; overtime; relocation; standby; 
temporary; travel; urgen*; weekend*; 
fulltime  
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Exact phrases: 5 days per week; 8 am–6 pm/9 
am–5 pm; childcare vouchers; comprehensive 
benefits; contracted; digital work; family friendly; 
family values; flexible benefits; flex* (+ hours, 
days, location, schedul*, shift*; workplace 
practices); guaranteed hours; job share; leave of 
absence; Monday – Friday; onsite daycare; 
onsite nursery; maternal/parental leave; paid 
leave; part-time; personal li*; regular hours; 
reinstatement rights; remote work; standard 
hours; time off; sick* pay; sick* leave; sick* time; 
spousal hire; standard hours; supportive 
supervisor; work at home; work from home; 
work-family balance; work-life balance; work/life 
balance; (assigned; scheduled +) shift; schedul* 
flexibility 

Exact phrases: commission package; 
business travel; international travel; 
additional hours; after hours; call out; 
different areas; different locations; 
extra (+ hours, shifts, days); fixed term; 
holiday cover; live-in; location change; 
long hours; on call; overnight travel; on-
site visits; rotating (+ days, schedul*); 
shift (+ work; schedul*); sickness 
cover; work travel; work on 
commission; willing* to travel; willing* 
to relocate; (night; weekend; holiday; 
evening; overnight; graveyard; closing; 
split; varying; rotating; rotational +) 
shift; atypical schedul* 

 
3.4.5. EDI policy  
As labor market inequality and discriminatory practices come under growing scrutiny, normative 
pressure, broader social movements, legislation and regulatory oversight, employers have 
sought to boost the presence and inclusion of “historically underrepresented” groups (56, 57). 
This can be seen in a range of EDI policy pledges and legal references that seek to attract 
specific groups of workers and/or emphasize the value of cultural diversity (58, 59).  
 
Words and word roots: accessibl*; B(A)ME; disab*; discriminat*; divers*; equal*; equit*; fair; 
harassment; human rights; impartiality; inclusi*; language*; LGBT+; LGBTQ+; Merit*; 
nationalities; neutrality; Stonewall 
Exact phrases: all genders; all-qualified; barrier free; Disabilities Act (2005); Equality Act 
(2010); equal opportunity (employer); encourages members; free from* 
(discrimination/harassment); minorit* candidates; Racial Equality Charter; required by law; 
under-represent*; Work Act 1974 
 
3.4.6. Workplace EDI culture 
Beyond using language aimed at attracting specific groups of workers and emphasizing the 
value placed on EDI, employers also highlight the positive aspects of workplace culture and 
practices generally and in relation to EDI (60, 61). 
  

Words and word roots: accessib*; best; busy; care; challenging; committed; community; 
culture; dynamic; empower; friendly; fun; global; growth; inclusive; innovative; international; 
leading; limitless; mission; multi-site; multidisciplinary; pleasant; progressive; rewarding; 
sociable; support; supportive; team; tenure; training; vibrant; young 
Exact phrases: advance careers; award-winning [team]; barrier-free; best people; best 
places; career advancement; career development; career progression; core values; employee 
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assistance; fast-paced; good relations; ideal location; internationally recognised; personal 
development; professional development; progression opportunities; training courses 

 
3.5. Limitations and broader use of the word inventory 
Previous research exploring the textual representation of EDI issues in the labor market, with a 
predominant focus on gender cues, has primarily drawn on the disciplines of social linguistics 
and cognitive psychology. Expanding on this tradition, our word inventory speaks directly to the 
broader social construction of gender, ethnicity/race, and EDI in the labor market. As a whole, 
our inventory provides a comprehensive coverage of gender/EDI words that may signal 
employers’ version of an ideal worker. 
         The limitations of our word inventory suggest several important directions for future 
research and development. First, all seven researchers involved in the process of manual 
coding and validation were experienced in social research on EDI issues in the labor market 
and may thus be more sensitive to EDI language than lay readers. This means that the 
development of the word inventory is explicitly informed by theories and extensive empirical 
research on gender and EDI in the labor market. 

Second, as the construction of labor market EDI policies and that of EDI culture are 
context-specific, it is important to note that the inventory is developed from a large corpus of 
English job ads from the UK. Our inventory is partly shaped by the labor market legislation and 
broader social and cultural configurations (e.g., pertaining to gender and ethnicity/race). The 
underpinning corpus is composed of job ads – an important site where textual cues relating to 
gender, ethnicity/race, and other EDI issues are found, which was tailored to suit our research 
focus on job ads. For broader use, the extent to which the inventory applies to other corpora, 
such as organizational regulations and documents in human resources management (e.g., 
those pertaining to performance evaluation, promotion, retention, etc.) will require further 
verification. 

Its limitations notwithstanding, our word inventory can be used in, but is not limited to, 
the following ways: 

 
• For computer scientists, our word inventory can be used to inform the development of 

word embeddings and machine learning algorithms, for the development of bias 
detection and mitigation tools. Traditionally, the detection and mitigation of gender, 
ethnic/racial, and migrant biases using machine learning and artificial intelligence tended 
to rely on general-purpose corpora such as the Wikipedia and newspaper articles (62, 
63), which are not well suited to capture EDI language in labor market processes in 
particular and everyday social and organizational life in general. Built on a corpus of job 
ads, our word inventory is particularly suited for identifying language that is directly 
related to EDI issues. 
  

• For social scientists researching labor market EDI issues, the inventory (in its totality or 
its sub-lists) can be used to quantify distinct dimensions of gender/EDI language in labor 
market processes (64). This can be achieved through a direct word search based on our 
inventory or through more advanced techniques such as wording embedding and 
machine learning (65). 
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• Our inventory also provides unique opportunities for interdisciplinary research on EDI-

related topics. As our different sub-lists are respectively informed by the disciplines of 
(social) psychology, sociology, social policy, labor economics, and management and 
organization studies. Comparative analysis and application of the sub-lists to a given 
labor market process promises to reveal how the different disciplines can bring to light 
different aspects of EDI-related dynamics in the labor market.  
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Supplementary Materials 4: Measuring gender/EDI language in job ads 
 
4.1. Methods of measuring gender/EDI language 
To quantify gender/EDI language, we build on our unique multidimensional word inventory. 
Using the inventory, we first applied pre-processing to the 28.6 million job ads, including 
removing HTML tags, special tokens, and punctuations (66). While it is not viable to develop a 
word inventory that exhausts all gender/EDI language used in job ads, we leveraged the 
technique of word embedding that allows us to quantify not only the words (and phrases) 
directly included in our inventory, but also related words with similar gender/EDI semantic 
meanings that are not included in our inventory (65, 67). Compared with counting the 
appearances of words in a pre-defined inventory (21, 25), this approach more comprehensively 
captures gender/EDI language (28, 68). 
 Word embedding uses vector representation to capture the semantic meaning of each 
word (23, 65). Converting words into numeric vectors facilitates quantifying the relatedness 
between two vectors and the words they represent. For example, for two vectors, w (for a word 
in our inventory) and v (for a word not in our inventory), we can use their cosine similarity score 
d, a widely-used metric that measures the closeness between two vectors, to capture the level 
of similarity in the semantic directions of the two words (69, 70). A score of 1 indicates that the 
two vectors point in exactly the same direction, and a score of –1 indicates that the two vectors 
point in completely opposite directions: 
      

     d = !⋅#
||!||!⋅||#||!

. (1) 
 

 
Here, the similarity between w and v is quantified using their inner product 𝑤 ⋅ 𝑣, which is 

subsequently normalized by the product of their Euclidean norms ||𝑤||% and ||𝑣||%.  
 We developed an algorithm to calculate a score for each dimension of gender/EDI 
language for each job ad (23, 71). Taking gendered psychological cues as an example: the input 
into the algorithm includes (1) a collection of words, 𝑊, in a job ad and (2) two lists of words in 
our inventory, 𝐴& and 𝐴%, that are associated with a masculine and a feminine orientation, 
respectively. Using word embeddings, each word in 𝑊, 𝐴& and 𝐴% can be mapped into a 𝑘-
dimensional word vector 𝑤 ∈ 𝑅'. With a slight abuse of notation, we use 𝑊,𝐴&𝑎𝑛𝑑𝐴% to denote 
the set of vectors rather than the set of words below. The scoring algorithm was executed as 
follows.  

First, for each word list 𝐴( (i = 1, 2), the center 𝑎( was computed using Equation (2), 
where the mid-point 𝑚 = (𝑎& + 𝑎%)/2 was taken:  

 

𝑎( =
&
|)"|

∑ 𝑎*∈)" . (2) 
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Second, to center the vectors, all vectors in 𝑊and 𝐴( were shifted by −𝑚, and the sets 

of centered vectors were denoted as  𝑊
^
= 𝑊 −𝑚 and  𝐴

^
( = 𝐴( −𝑚, respectively:  

 

𝑊
^
= {𝑤 −𝑚:𝑤 ∈ 𝑊},  𝐴

^
( , = {𝑎 − 𝑚: 𝑎 ∈ 𝐴(}. (3) 

 
 

We apply the shifting method to both 𝐴&and 𝐴%and denote the results as 𝐴
^
&𝑎𝑛𝑑𝐴

^
%. For any 𝑤 ∈

𝑊
^

 and 𝑎 ∈ 𝐴
^
(, the matching score 𝑚(𝑤, 𝑎) is defined as follows: 

 

𝑚(𝑤, 𝑎) = 𝑠𝑖𝑔𝑛(𝑑) × 𝜎-,/(|𝑑|), 𝑑 =
!⋅*

||!||!⋅||*||!
; (4) 

𝜎-,/(𝑥) = A1 + C
&01#(3)
1#(3)

D
/
E
0&
, ℎ-(𝑥) =

%-0&
%-(&0-)

𝑥% + &0%-!

%-(&0-)
𝑥; (5) 

 
 

where 𝑝 (ranges between 0 and 1) and 𝑟 (> 0) are the parameters for our method. The purpose 

of  𝜎-,/(𝑥), ℎ-(𝑥), 𝑝 and 𝑟 ,are discussed further below. Then, for each 𝑤 ∈ 𝑊
^

, the affinity score 𝑆 

toward words list 𝐴
^
( is denoted by the equation below: 

 

𝑆 C𝑤, 𝐴
^
(D = J 𝑚(𝑤, 𝑎)

*∈)
^
"

. (6) 

 
 

Finally, the affinity score of a text 𝑊 toward word list 𝐴( is the sum of the scores for all 
vectors, calculated as follows: 

 

𝑆 C𝑊
^
, 𝐴
^
(D = J 𝑆C𝑤, 𝐴

^
(D

!∈5
^

. (7) 

 
Equations (2) and (3) reposition the vectors such that the contrast in word directions 

between the vectors in 𝐴&and𝐴% are distinguishable, making the algorithm more sensitive to the 
differentiation between, for example, masculine and feminine words. Equation (4) is based on 
cosine similarity scores but applies a sigmoid function to the scores such that values close to 
zero tend to be pushed toward zero and values close to ±1 are amplified toward ±1. The goal 
of Equation (3) is to reduce noise in cosine similarity. For 𝜎-,/(𝑥) in Equations (4) and (5), 
parameter 𝑟 determines how rapidly the values approach the two ends (i.e., 0 and 1), and 
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parameter 𝑝 determines the threshold above which the values are pushed toward 1. In 
simplified terms, [0, 𝑝) will be mapped toward 0, (𝑝, 1] will be mapped toward 1, and 𝜎-,/(𝑝) =
0.5. 

We used the 2017 version of the Global Vectors for Word Representation (GloVe)56, 
which is one of the most prominent and widely-used word embedding tools in recent years. In 
GloVe, each word is represented by a 300-dimension vector. We set 𝑝 to be 0.7 and 𝑟 to be 5, 
which means a cosine similarity score of 0.7 is mapped toward 0.5, scores between –0.7 and 
0.7 are mapped toward 0, and scores above 0.7 or below –0.7 are mapped toward 1 and –1, 
respectively. Robustness checks (Tables S4, S5) showed that using alternative 𝑝 and 𝑟 cut-offs 
would yield affinity scores that are closely correlated with those used in our analysis. Our 
scoring algorithm is further validated by comparing the word embedding results with a manually 
expert-labelled dataset based on a randomly selected sample of job ads. 

The above computation is repeated for both 𝐴& and 𝐴% to obtain two affinity scores for 
each job ad for each dimension of gendered language, representing masculine and feminine 
gender orientations, respectively. Adjusting the parameters 𝑝 and 𝑟, we attuned the scaling of 
the scores to be similar to the manual coding conducted by the team based on a randomly 

selected sample of job ads, such that the word embedding scores, 𝑆(𝑊
^
, 𝐴
^
&) and 𝑆(𝑊

^
, 𝐴
^
%), are 

akin to counting the total number of appearances of target and related words in a job ad, with 
words that are opposite in semantic meaning to the ones in our inventory taking negative 
values. The scoring algorithm was applied to single-word items in our inventory.  
 
Table S4. Pearson’s correlations between alternative p cut-offs (p = 0.65/0.75) for calculating 
word embeddings and the cut-off point (p = 0.70) used for the analysis reported in the main 
article  

 

A random week before COVID-19; 
N = 136,102 job ads (7 May 2018 to 

13 May 2018) 

A random week during COVID-19; 
N = 273,663 job ads (12 November 

2021 to 18 November 2021) 
Dimension p = 0.65 p = 0.75 p = 0.65 p = 0.75 
Explicit gender references 0.892 0.692 0.767 0.645 
Gendered psychological cues 0.950 0.984 0.952 0.984 
Gendered work roles 0.836 0.957 0.851 0.964 
Work-family cues 0.909 0.953 0.913 0.954 
EDI policy  0.952 0.990 0.969 0.994 
EDI culture 0.952 0.989 0.959 0.992 
Note: EDI = Equality, diversity, and inclusion. In our main analysis, our word embedding algorithm used 
the cut-off point of 0.7 for the hyperparameter p. To ensure the robustness of our findings, we ran the 
same scoring algorithm on four randomly sampled datasets from both UK (random week) and Canada 
(random month), covering both pre-COVID and COVID periods, using alternative p values of 0.65 and 
0.75. The hyperparameter r is fixed to be the same as in the main analysis (i.e., 5). The results in this 
table show that Pearson’s correlation coefficients the gender/DEI language scores based on the 
alternative p values are highly correlated with those based on the p value used in our main analysis. 
 

For multi-word phrases, we used the method of exact matching and counting  (21, 25), 
with the appearance of each phrase taking a score of 1. This strategy was used because 
technically it is difficult for word embedding to accurately handle long phrases; substantively, the 
long phrases in our inventory are highly distinctive and have relatively low frequencies of 
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appearance in our dataset; and methodologically, words in job ads that exactly match words in 
our inventory would have been assigned a score of 1 by the word embedding scoring 
procedure. The exact-matching score for multi-word phrases is then added to the word 
embedding score for each job ad within each direction (i.e., feminine and masculine) for a given 
dimension (e.g., feminine psychological cues). 
 
Table S5. Pearson’s correlations between alternative r cut-offs (r = 4/6/10) for calculating word 
embeddings and the cut-off point (r = 5) used for the analysis reported in the main article 
 A random week before COVID-19; 

N = 136,102 job ads (7 May 2018 
to 13 May 2018) 

A random week during COVID-19; 
N = 273,663 job ads (12 November 

2021 to 18 November 2021) 
Dimension r = 4 r = 6 r = 10 r = 4 r = 6 r = 10 
Explicit gender references 0.876 0.855 0.628 0.814 0.873 0.713 
Gendered psychological cues 0.996 0.998 0.989 0.996 0.998 0.989 
Gendered work roles 0.935 0.985 0.952 0.940 0.987 0.959 
Work-family cues 0.994 0.998 0.980 0.995 0.998 0.984 
EDI policy  0.989 0.998 0.991 0.994 0.999 0.995 
EDI culture 0.984 0.997 0.991 0.987 0.998 0.992 
Note: DEI = diversity, equality, and inclusion. In our main analysis, our word embedding algorithm used 
the cut-off point of 5 for the hyperparameter r. To ensure the robustness of our findings, we ran the same 
scoring algorithm on four randomly sampled datasets from both UK (random week) and Canada (random 
month), covering both pre-COVID and COVID periods, using alternative r values of 4, 6, and 10. The 
hyperparameter r is fixed to be the same as in the main analysis (i.e., 0.7). The results in this table show 
that Pearson’s correlation coefficients the gender and DEI scores based on the alternative r values are 
closely correlated with those based on the r value used in our main analysis. 

 
To yield a single score for each dimension of gendered language for each job ad, we 

subtracted the score for the masculine direction from the score for the feminine direction, such 
that a lower score indicates a more masculine orientation and a higher score indicates a more 
feminine orientation. When only one direction is considered (i.e., EDI policy and EDI culture), 
the scores were directly computed by summing up the values of EDI-related vectors for each 
dimension within each job ad without executing Equations (2) and (3), with a higher score 
indicating a more pro-EDI orientation. To minimize the influence of outlier cases, we bottom- 
and top-coded the scores for each dimension at the 3rd and 97th percentiles (all results robust to 
alternative cut-offs such as the 1st and 99th percentiles). Finally, to facilitate data analysis and 
interpretation, we scaled the scores for each dimension to range from 0 to 100, with 0 indicating 
the most masculine/least pro-EDI job ad and 100 indicating the most feminine/pro-EDI ad. 

We further validated our algorithm using the BIOS dataset 
(https://paperswithcode.com/dataset/biasbios), which includes personal biographies categorized 
by gender across various occupations, comprising a total of 255,710 samples. Given the limited 
availability of publicly available high-quality validation datasets, the BIOS dataset is particularly 
well-suited for our validation: the individual biographies, covering professional information such 
as occupational and career histories, are highly related and akin to labor market texts including 
job ads and job applications (e.g., resumes). To render our validation comparable with existing 
baselines, the validation drew on our explicit gender references by calculating the difference 
between femininity and masculinity scores, with designated gender serving as the ground truth 
label. Our algorithm achieved high performance, with an Area Under the ROC Curve (AUC) of 



 23 

0.99 in classifying gender, as depicted in Figure S2 below. The AUC metric gauges the model’s 
ability to accurately differentiate between classes—in this case, gender categories. The 
performance of our algorithm is comparable with two baseline methods discussed in the BOLD 
study (72), which utilize word embeddings’ gender direction (i.e., she – he) to calculate gender 
polarity scores, thereby underscoring the efficacy and potential applicability of our scoring 
approach in broader natural language processing tasks. 
 

 
Fig. S2. AUC plot for algorithm validation and benchmarking 

 
4.2. Descriptive statistics for gender/EDI language 

Table S6 presents the descriptive statistics for each dimension of gender/EDI language 
use. Table S7 presents the mean gender/EDI language use scores for each of the 189 industry-
occupation groups used in our analysis. Fig. S3 presents the standardized mean scores for 
each of the six dimensions of language across the same 189 industry-occupation groups, with a 
lighter color indicating more feminine/pro-EDI language. The results illustrate notable variations 
across industries and occupations. For example, job ads for electricity, gas, steam, and air 
conditioning tend to include a high level of explicitly masculine rather than feminine references. 
Feminine rather than masculine psychological and work-family cues tend to feature strongly in 
ads for care, leisure, and service occupations. Language describing masculine rather than 
feminine work roles is particularly prevalent in ads for process, plant, and machine occupations. 
EDI policy pledges are prevalent in job ads for international organizations, and language 
signaling workplace EDI culture tends to feature prominently in job ads for care, leisure, and 
service industries. 
 
Table S6. Descriptive statistics for gender/EDI language 
Job ad level (N = 
28,609,485) 

Mean/SD/Skewne
ss/Kurtosis 

Histogram (percentage) 

Explicit gender references 
(high = feminine) 

68.759/23.940/–
1.085/3.816 
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Gendered psychological 
cues (high = feminine) 

57.859 /22.864/–
0.603 /3.155 

 
Gendered work roles (high 

= feminine) 
72.842 /24.516/–

1.292/4.193 

 
Work-family cues (high = 

family-friendly, feminine) 
37.680/22.279/0.98

6/3.850 

 
EDI policy (high = pro-EDI) 15.841/25.460/1.98

7/6.174 

 
EDI culture (high = pro-EDI) 30.617/25.096/1.07

3/3.558 

 
 
Table S7. Gender and EDI language in job ads across 189 industry-occupation groups, higher 
score = more feminine / pro-EDI (N = 28,609,485 job ads) 
Industry (SIC 
level 1) 

Occupation (SOC level1) 
1 2 3 4 5 6 7 8 9 

Explicit 
gender 
references          
A 67.63 68.70 72.32 72.15 76.07 72.63 67.61 78.67 83.16 
B 63.44 64.34 63.90 63.75 74.14 66.14 69.58 76.37 70.09 
C 71.19 72.62 74.60 74.88 78.83 67.54 71.88 78.59 76.21 
D 58.37 58.62 59.92 60.07 63.73 61.97 62.70 63.75 57.30 
E 67.13 68.73 66.24 69.45 69.63 69.80 67.71 76.71 73.39 
F 68.55 69.87 71.13 71.18 81.93 65.44 67.91 80.70 75.96 
G 67.04 66.49 66.99 68.59 74.55 65.59 64.62 64.89 67.27 
H 64.93 66.85 67.70 64.04 71.80 67.34 66.08 81.08 74.33 
I 69.82 68.31 68.06 67.68 71.44 66.24 68.02 74.39 69.58 
J 60.15 64.57 63.79 66.21 69.28 65.89 62.40 73.48 66.94 

0

1

2

3

4

Pe
rc
en
t

0 20 40 60 80 100

0

1

2

3

4

Pe
rc
en
t

0 20 40 60 80 100

0

5

10

15

Pe
rc
en
t

0 20 40 60 80 100

0

10

20

30

40

Pe
rc
en
t

0 20 40 60 80 100

0

1

2

3

4

5

Pe
rc
en
t

0 20 40 60 80 100



 25 

K 60.96 62.74 64.38 67.45 64.55 63.05 60.56 65.10 65.06 
L 70.78 69.14 69.80 70.94 71.13 64.53 68.06 74.20 73.00 
M 61.41 69.70 69.09 70.30 70.49 67.84 65.82 73.26 67.94 
N 68.29 69.36 69.20 70.18 73.87 70.25 68.57 75.72 76.51 
O 61.28 60.52 62.51 64.24 67.55 66.65 61.45 68.23 68.25 
P 65.72 69.79 66.49 68.36 67.66 70.01 66.08 72.83 71.54 
Q 66.71 66.45 64.75 67.70 68.25 68.36 65.67 66.02 67.17 
R 68.43 67.93 70.21 70.56 69.72 69.32 68.23 71.79 73.34 
S 68.73 67.72 67.32 71.13 71.92 72.31 67.75 74.15 74.08 
T 57.09 62.35 56.89 63.70 68.85 68.27 63.56 65.48 83.25 
U 55.24 66.69 67.11 67.31 70.53 66.44 69.74 57.64 65.93 
Gendered 
psycho-
logical cues          
A 41.51 48.42 52.50 50.18 56.95 62.79 45.04 56.58 63.75 
B 37.88 38.70 40.02 42.99 54.55 55.32 47.20 55.71 60.12 
C 46.40 52.86 54.64 55.12 60.57 55.07 49.74 62.01 61.93 
D 34.35 38.41 38.58 39.29 44.68 41.77 37.44 44.27 48.26 
E 46.67 51.58 50.62 51.30 55.43 56.06 47.02 60.83 61.70 
F 48.70 54.70 54.57 54.69 63.97 64.10 52.71 63.09 62.13 
G 43.04 52.43 52.90 54.39 58.95 57.58 54.32 62.79 62.75 
H 45.25 52.86 52.97 57.71 59.38 59.14 51.34 67.08 64.65 
I 49.13 54.38 55.55 60.16 58.55 63.93 54.43 61.90 64.09 
J 42.20 50.60 50.45 51.61 57.26 65.37 49.78 59.51 63.62 
K 39.50 46.59 45.94 48.83 53.66 64.65 48.30 55.59 57.40 
L 49.22 49.32 47.66 52.53 57.02 63.47 47.73 59.77 60.91 
M 40.62 47.46 50.40 50.65 54.12 61.27 47.64 59.18 59.35 
N 45.99 52.73 46.89 53.21 58.56 61.30 45.51 62.28 62.91 
O 52.75 58.69 59.87 60.29 61.98 69.12 56.01 64.26 64.20 
P 54.88 62.64 59.12 61.42 59.53 73.84 55.81 63.30 68.82 
Q 55.84 67.18 64.84 66.12 62.02 69.12 60.82 66.47 69.07 
R 48.44 53.28 55.07 55.28 54.97 55.12 47.42 56.02 58.15 
S 50.55 55.33 55.42 58.24 58.06 62.25 52.91 62.42 63.61 
T 52.52 58.15 57.39 60.34 58.57 67.28 53.67 67.89 70.36 
U 40.48 46.51 49.30 54.23 49.30 63.77 46.02 38.46 44.61 
Gendered 
work roles          
A 68.03 73.04 71.98 77.86 77.35 67.59 73.47 72.57 70.18 
B 52.89 55.58 54.64 62.34 62.09 58.66 65.89 47.54 49.75 
C 59.93 62.50 58.70 67.90 63.25 61.10 67.47 51.57 62.33 
D 65.58 68.76 68.56 77.60 79.83 73.12 72.88 70.07 76.50 
E 68.79 72.85 71.49 74.24 70.29 69.95 72.97 44.14 64.94 
F 53.78 59.11 58.98 53.59 59.69 59.56 61.47 55.18 60.02 
G 74.14 71.41 71.90 77.95 76.36 73.40 75.42 61.56 77.80 
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H 62.98 70.49 69.89 73.80 69.78 70.88 69.50 60.47 69.52 
I 57.18 61.76 64.90 71.91 64.43 70.91 69.94 53.97 72.45 
J 70.71 74.73 71.76 78.25 71.37 71.19 70.01 58.27 73.79 
K 62.90 74.69 74.28 78.13 70.23 72.64 73.12 62.60 71.11 
L 67.40 71.76 73.98 77.22 72.55 74.83 72.52 57.33 74.98 
M 65.59 66.67 67.47 75.87 68.79 73.51 68.08 54.53 70.27 
N 77.06 80.93 77.06 85.31 70.79 78.08 76.08 29.37 75.93 
O 74.83 75.42 72.73 83.04 71.69 73.70 73.32 57.96 77.91 
P 73.20 73.09 77.20 78.45 71.02 74.18 76.19 63.06 76.58 
Q 72.05 73.47 72.44 80.48 72.62 78.76 72.54 49.47 75.19 
R 64.97 70.58 64.14 76.95 72.75 74.43 66.90 47.47 85.56 
S 57.84 62.81 65.93 78.36 71.02 71.26 60.04 47.94 65.07 
T 68.03 73.04 71.98 77.86 77.35 67.59 73.47 72.57 70.18 
U 52.89 55.58 54.64 62.34 62.09 58.66 65.89 47.54 49.75 
Work-family 
cues          
A 35.16 34.97 34.09 40.09 33.17 42.96 35.44 29.91 31.89 
B 32.67 29.31 30.59 32.49 30.97 41.47 40.38 31.09 35.23 
C 35.59 33.96 35.19 36.77 32.08 38.03 37.58 34.11 37.38 
D 40.86 42.04 43.33 42.94 41.22 41.14 38.95 41.72 42.14 
E 37.10 37.08 39.11 41.09 34.80 38.92 39.76 33.25 37.59 
F 37.85 37.06 36.67 39.42 29.30 42.84 37.76 30.90 36.08 
G 38.22 40.03 38.53 40.80 34.77 44.80 41.60 40.70 44.50 
H 36.58 34.94 35.40 43.93 33.97 33.96 37.57 28.42 37.30 
I 38.86 37.11 41.25 44.60 39.91 46.27 44.16 40.64 48.93 
J 36.87 35.28 35.88 37.19 33.86 43.32 40.85 32.77 42.64 
K 37.19 37.70 38.83 38.86 41.52 49.73 40.94 39.81 44.47 
L 35.05 37.27 36.34 36.97 36.31 46.60 39.04 34.88 40.44 
M 35.26 35.39 35.78 37.41 36.68 45.86 37.05 35.67 41.05 
N 35.26 37.16 38.63 38.14 35.03 36.96 38.09 34.19 42.80 
O 38.35 40.17 37.99 38.10 35.25 37.07 37.66 35.61 39.53 
P 34.73 36.86 35.01 34.35 31.03 37.99 34.47 31.01 36.26 
Q 35.72 36.97 36.06 35.13 38.43 45.69 36.83 36.62 40.17 
R 33.36 35.30 33.36 35.65 33.98 39.50 33.47 36.60 40.12 
S 35.62 36.66 36.74 37.03 36.15 37.99 38.35 32.52 41.50 
T 37.81 37.23 34.83 36.98 35.98 41.53 39.09 32.15 47.45 
U 37.37 46.58 45.57 43.22 43.27 49.55 46.29 36.28 37.16 
EDI policy          
A 13.98 17.14 14.79 14.50 11.48 11.70 18.56 9.08 6.04 
B 31.68 35.64 34.73 29.07 16.29 30.30 22.55 15.65 17.90 
C 9.77 10.06 8.44 9.09 5.09 14.73 10.20 6.30 7.85 
D 33.32 31.74 30.48 29.26 26.42 23.67 19.32 25.45 30.26 
E 11.73 13.74 15.04 13.31 12.10 14.55 11.31 8.69 12.42 
F 17.03 19.95 16.75 17.56 7.54 26.15 13.29 7.94 12.92 
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G 12.46 14.89 13.19 10.66 5.66 15.19 13.22 10.70 10.53 
H 17.12 16.81 15.64 22.26 14.17 18.25 15.67 5.87 11.68 
I 9.35 13.58 12.88 14.75 8.16 16.03 11.39 5.65 9.61 
J 23.80 23.16 21.39 19.38 12.08 18.90 18.96 13.02 11.86 
K 31.18 27.59 24.36 21.12 19.28 21.85 20.77 20.61 18.81 
L 12.88 16.79 17.13 15.74 13.27 23.14 16.28 14.69 15.96 
M 20.16 14.03 16.89 13.65 12.07 18.52 15.16 12.81 13.07 
N 16.20 15.94 11.71 14.26 8.88 12.44 14.93 9.50 9.78 
O 29.01 30.75 28.01 28.08 22.32 26.41 25.90 20.74 29.22 
P 22.06 16.98 21.40 21.52 14.39 16.10 19.55 7.25 16.32 
Q 17.91 20.05 21.24 19.20 13.66 15.30 19.99 17.72 16.46 
R 13.82 15.31 10.50 13.75 7.62 9.10 10.64 11.35 9.72 
S 14.01 15.26 14.98 13.55 9.88 12.21 15.01 7.51 11.07 
T 18.02 18.28 24.07 16.79 7.02 12.02 19.42 16.52 2.36 
U 41.51 55.62 47.82 21.35 43.92 35.09 42.91 51.45 52.69 
EDI culture          
A 28.94 28.60 25.80 24.70 18.63 31.47 27.18 19.02 16.30 
B 37.55 36.39 36.59 34.39 20.07 38.39 29.29 18.12 24.88 
C 25.91 23.24 21.74 20.51 14.59 35.60 23.57 14.06 17.71 
D 37.98 35.67 36.18 35.71 24.92 35.39 28.33 30.34 33.72 
E 24.73 24.96 28.15 25.90 21.61 25.79 25.21 14.94 18.87 
F 28.54 27.96 26.44 26.55 9.90 45.43 26.20 11.51 17.68 
G 31.59 32.88 28.75 25.39 17.22 34.79 27.64 21.88 24.44 
H 31.19 29.13 29.05 25.67 21.75 33.86 27.99 10.13 18.21 
I 26.46 28.15 29.57 28.15 22.89 31.97 28.62 18.04 24.60 
J 39.42 32.01 35.04 31.70 25.14 43.12 32.14 21.68 26.17 
K 38.59 35.02 33.05 29.89 31.15 58.09 32.26 28.90 31.28 
L 23.48 26.37 26.40 25.30 21.90 47.30 25.30 18.83 21.92 
M 39.07 26.85 27.97 27.37 24.45 39.21 29.58 21.08 25.85 
N 30.08 28.36 27.71 26.98 18.89 32.34 27.10 16.62 18.31 
O 37.65 38.07 37.06 33.72 25.69 38.42 36.54 23.99 24.74 
P 32.43 24.58 31.93 30.16 27.16 29.89 31.74 20.27 24.79 
Q 42.55 42.76 43.42 34.97 33.51 51.76 39.16 33.70 36.10 
R 28.97 27.72 26.70 26.51 22.55 31.23 27.59 22.34 22.96 
S 30.02 29.81 31.53 25.74 20.85 31.48 30.48 19.09 22.03 
T 41.32 41.40 43.49 30.92 25.68 41.23 40.69 23.42 7.23 
U 52.44 43.88 46.21 33.09 38.74 41.02 45.03 50.35 39.95 
Note: All scores are scaled to range from 0 to 100. EDI = Equality, diversity, and inclusion. SIC = 
Standard industry classification 2007, where A = Agriculture, forestry and fishing, B = Mining and 
quarrying, C = Manufacturing, D = Electricity, gas, steam and air conditioning supply, E = Water supply, 
sewerage, waste management and remediation activities, F = Construction, G = Wholesale and retail 
trade; repair of motor vehicles and motorcycles, H = Transportation and storage, I = Accommodation and 
food service activities, J = Information and communication, K = Financial and insurance activities, L = 
Real estate activities, M = Professional, scientific and technical activities, N = Administrative and support 
service activities, O = Public administration and defence; compulsory social security, P = Education, Q = 
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Human health and social work activities, R = Arts, entertainment and recreation, S = Other service 
activities, T = Activities of households as employers; undifferentiated goods- and services-producing 
activities of households for own use, U = Activities of extraterritorial/international organisations and 
bodies. SOC = Standard occupation classification 2020, where 1= Managers, directors, and senior 
officials, 2 = Professional occupations, 3 = Associate professional and technical occupations, 4 = 
Administrative and secretarial occupations, 5 = Skilled trades occupations, 6 = Caring, leisure and other 
service occupations, 7 = Sales and customer service occupations, 8 = Process, plant, and machine 
operatives, 9 = Elementary occupations.  

 

 
Fig. S3. Gender/EDI language in job ads across 189 industry-occupation groups. EDI = 
Equality, diversity, and inclusion. Calculated based on 28,609,485 UK job ads between January 
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2018 and June 2013. For presentation purposes, the scores were standardized within each 
dimension to take a mean of 0 and a standard deviation of 1. Industry is measured at level 1 of 
the Standard Industry Classification (SIC), and occupation is measured at level 1 of the 
Standard Occupation Classification (SOC). 
 

Although we do not provide an exhaustive description and discussion of the distribution 
of the gender/EDI language scores here, our multidimensional inventory, along with the results 
presented in Table S6 and Fig. S3, provides a useful roadmap for organizations to 
systematically home in on specific aspects of language used in job ads. 
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Supplementary Materials 5: Instrumental variables  
 
The relationship between language in job ads and labor force composition could be bidirectional 
and thus endogenous. As reported in Supplementary Materials 7, the Hausman tests confirmed 
the presence of endogeneity in the relationship between many dimensions of language in job 
ads and labor force gender/racial composition (73). In this case, we adopted an IV approach to 
mitigate endogeneity and help disentangle the bidirectional influences. We carefully chose the 
IVs based on the three core IV assumptions (73): (a) the IV is associated with the endogenous 
predictor (“relevance”); (b) it only affects the outcome through the instrumented predictor 
(“exclusion restriction”); and (c) it is uncorrelated with the error term of the outcome 
(“independence”). We discuss our IVs in relation to each of the assumptions, as well as the 
tests we conducted to support their validity. The validity of our IVs is grounded in careful 
theoretical considerations; and our confidence in the validity of the IVs is further bolstered by 
additional statistical explorations. We present the descriptive statistics for the IVs in this section 
below and the detailed test results for the IVs as a part of the model results in Supplementary 
Materials 7. 
 In estimating the impact of language in job ads on labor force composition, we used the 
word count of each job ad and its squared term as instruments for each dimension of 
gender/EDI language in job ads. The distribution of the IV is shown in Table S8.  
 
Table S8. Descriptive statistics for job ad word count 
Job ad level (N = 
28,609,485) 

Mean/SD/Skewness/Kurtosis Histogram (percentage) 

Job ad word count 447.969/246.525/0.795/3.171 

 
 

As longer job ads contain more words/phrases, there is good reason to expect that the 
length of job ads strongly predicts the number of linguistic cues in the ads (relevance). There is 
little reason to expect the impact of gender/EDI language in job ads on labor force composition 
to differ between shorter and longer job ads over and above the amount of linguistic cues they 
contain, which is already captured by the gender/EDI language scores. The under-identification 
tests show that the IVs are relevant, as the Kleibergen-Paap rk LM (Langrange multiplier) 
statistics rejected the null hypothesis that the IVs are irrelevant (P < 0.001 for all models); and 
the Kleibergen-Paap rk Wald F weak-IV tests further show that the IVs strongly identified the 
endogenous predictors (F > 10, P < 0.001 for all models)63. Although it is possible in theory that 
labor forces with a greater minority representation may be more likely to include additional 
information such as EDI statements in job ads that may make the ads longer or vice versa, our 
tests showed that job ad word count bears hardly any association with labor force gender 
(Pearson’s r = 0.063) or racial (Pearson’s r = 0.043) composition. These results give us 
confidence that the length of job ads does not vary systematically across industry-occupation 
groups, and the distribution of the length of job ads across industry-occupation groups 
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characterized by differential labor force gender/racial composition is largely random. Nor is there 
any theory or prior research suggesting that the length of job ads directly shapes labor force 
composition (exclusion). The Sargan-Hansen over-identification test examines the joint null 
hypothesis that the IVs are uncorrelated with the error term of the outcome variable 
(independence) and that the excluded IVs are correctly excluded from the equation (73). Across 
all models, the Sargan-Hansen test results cannot reject this null hypothesis (P > 0.05 for all 
models). 
 In estimating the impact of labor force gender/racial composition on gender/EDI 
language in job ads, we used historical labor force gender/racial/migrant composition measures 
at the first levels of SIC and SOC (not their interaction) as instruments for the current 
gender/racial composition across the 189 industry-occupation groups (the interaction between 
the first levels of SIC and SOC), with a long 20-year lag. The IVs captured the proportion of the 
labor force in major industries/occupations composed of women as opposed to men, racial 
minority as opposed to white workers, and migrants born outside the UK as opposed to UK-born 
workers, respectively, in 2001–2002. For the models estimating the non-linear impact of labor 
force composition on language in job ads, we included the quadratic, in addition to linear, terms 
of the historical labor force composition measures as IVs. The distributions of these IVs are 
presented in Table S9. 
 
Table S9. Descriptive statistics for lagged labor force gender/racial composition  
 Mean/SD/Skewness/ 

Kurtosis 
Histogram (percentage) 

Industry SIC level 1 (N = 21)   
% women in labor force in 

2001–2002 
42.728/19.498/ 0.118/2.160 

 
% racial minority in labor force 

in 2001–2002 
5.939/3.487/1.520/5.976 

 
Occupation SOC level 1 (N = 
9) 

  

% women in labor force in 
2001–2002 

47.292/26.724/0.041/1.817 
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% racial minority in labor force 
in 2001–2002 

6.112/1.155/–0.671/2.884 

 
% migrant in labor force in 

2001–2002 
4.513/1.169/0.241/1.686 

 
 

In terms of the IV assumptions, current industry-occupation force gender/racial 
composition has evolved from and would thus be associated with historical labor force 
composition (relevance). The under-identification tests show that the IVs are relevant, as the 
Anderson canonical correlations tests rejected the null hypothesis that the IVs are irrelevant (P 
< 0.001 for all models), and the Cragg-Donald Wald F weak-IV tests further show that the IVs 
strongly identified the endogenous predictors (F > 10, P < 0.001 for all models). It might be 
possible that the historical workforces crafted job ads in given ways based on or in response to 
their composition, and the legacy job ads are reused for drafting current job ads—a possibility 
that could violate the exclusion assumption. However, we have deliberately chosen a long (two-
decade lag) for our IVs such that this possibility is extremely unlikely. In the ~20 years between 
when the lagged labor force composition measures were taken (2001–2002) and the focal 
period of our study (2018–2023), a number of drastic social changes took place that render it 
extremely unlikely and indeed infeasible for employers and recruitment agencies to recycle 
legacy job ads in current job advertising. 

First, the UK labor market, employers, and job roles have all undergone substantial 
changes in the 20 years, making it very difficult, impractical, and unbeneficial to recycle job ads 
from 20 years ago. Indeed, employers, recruiters, and HR professionals draft ads for 
substantially reconfigured job roles, person specifications, and labor market contexts today, 
while much of the specific historical job descriptions are out of not suitable for today’s job roles 
and labor market and legal contexts. Second, a number of conceptual dimensions captured in 
our word inventory were mainstreamed into the labor market, and public discourse only in the 
past few years; these dimensions hardly featured in the 2001–2002 labor market when our 
lagged labor force composition IVs were taken. For example, work-family balance and flexible 
work have only recently been mainstreamed into job configurations and related job ads. Third, 
the UK’s Equality Act 2010, passed and implemented after our lagged IVs, has substantially 
changed legal expectations and regulations regarding equality language use in public discourse, 
including job ads. Fourth, recent movements such as #metoo and #BlackLivesMatter and a 
global diffusion of ideals pertaining to equality, diversity, and inclusion (EDI) have created new 
norms and practices in the workplace and labor markets. Again, the mainstreaming of EDI into 
labor market processes and standards was only a recent development that came way after our 
lagged IVs. Finally, rapid digitalization and the proliferation of job advertising platforms have set 
new standards and procedures for, and have thus drastically changed, how jobs are advertised 
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and how the ads are written. While job advertising in the early 2000s (i.e., the early stage of 
mass digitalization) relied heavily on print media with job ads framed as short snippets in, for 
example, newspapers and magazines, mass digitalization of job advertising and hiring in the 
past decade or so has drastically changed how job ads are produced and presented. 

Considering these developments, we have good reasons to believe that the current labor 
force is extremely unlikely to recycle legacy job ads developed by the historical labor force 
captured by our lagged IVs. Rather, there is an imperative for the current labor force to stay 
agile and be sensitive to rapidly changing labor market regulations, configurations, and work 
roles in strategizing, drafting, and tailoring the job ads analyzed in our study. Because it is the 
current labor force that is responsible for writing the job ads and given drastic labor market 
changes that render it unlikely for legacy job ads 20 years ago to be reused today, we expect 
historical labor force composition to relate to language in job ads only indirectly through current 
labor force composition (exclusion). Across all models, none of the Sargan-Hansen over-
identification statistics was statistically significant at the 5% level, so we cannot reject the joint 
null hypothesis that the IVs are uncorrelated with the error term of the outcome variable 
(independence) and that the excluded IVs are correctly excluded from the equation (73). Early in 
our research, we also tested longer and shorter lags for the IVs: (a) although historical labor 
force participation with longer (than 20-year) lags make adequate IVs, they less strongly identify 
the models compared to our 20-year lag; in this case, our 20-year lag is preferred; (b) shorter 
lags, particularly with labor force composition measures taken after the mass digitalization of 
labor market processes (for example, ca. 2010 – a 10-year lag), did not pass the Sargan-
Hansen tests, as the error terms of these shorter lagged IVs were correlated with the errors of 
the equation; this is as we expected according to theory in that unlike our 20-year lagged 
measures predating and exogenous to the mass digitalization of job advertising, the shorter lags 
may be vulnerable to potential endogeneity. 
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Supplementary Materials 6: Modeling strategy and control variables 
 
To prepare our data for modeling, we merged the job ad and labor force composition datasets 
by industry (SIC 2007 level 1, 21 categories), occupation (SOC 2010 level 1, 9 categories), and 
cross-tabulated industry-occupation groups (189 categories). Using the merged dataset, we 
fitted our models in two steps. 

First, we examined the impact of gender/EDI language in job ads on labor force 
gender/racial composition across 189 industry-occupation groups. To mitigate endogeneity and 
reverse causality, we estimated two-stage IV generalized method of moments (GMM) 
regression models. The first-stage models used the IVs introduced in the previous section to 
predict each dimension of gender/EDI language across the 28.6 million job ads, and the 
second-stage models used the predicted gender/EDI language scores from the first stage for 
the 28.6 million job ads to predict labor force gender/racial composition across the 189 industry-
occupation groups. The two stages were jointly estimated using the ivreg2 package in Stata 18 
to obtain correct standard errors (74). Because the job ads are nested within the 189 industry-
occupation groups, we estimated clustered standard errors to account for the data structure 

(75). The GMM, rather than the conventional least squares method, was used because of its 
estimation efficiency and accuracy (74). For each dimension of labor force composition (gender 
and race), we modeled each dimension of gender/EDI language in separate models (a) to 
estimate their unconstrained impact on labor force composition, and (b) to ensure the IVs clearly 
and adequately identified the endogenous predictors, including having a larger number of IVs 
than the endogenous predictors for the Sargan-Hansen over-identification test (73, 74). We did 
not examine non-linearity in the impact of gender/EDI language on labor force composition, 
because there was no compelling theoretical reason to expect the impact to be non-linear. We 
controlled for three variables in all models, which may confound the relationship between 
language in job ads and labor force composition: (a) year of job ads (2018–2023), (b) region of 
job ads (covering 10 broad regions across the UK), and (c) the source of job ads (covering 7 
channels of job advertising, e.g., recruiter websites, aggregator sites, etc.). Detailed descriptive 
statistics for the control variables are presented in Table S10 below. Early in this research, we 
also experimented with controlling for the month of job ads as well as the interaction between 
month and year. However, because the inclusion of these variables did not affect the results for 
our focal predictors and contributed little to improving the overall model fit, they were excluded 
from our final analysis.  

 
Table S10. Descriptive statistics for control variables 
Job ad level (N = 
28,609,485) 

Proportion Histogram (percentage) 

   
Year of job ads 2018 = 0.16 

2019 = 0.14 
2020 = 0.13 
2021 = 0.19 
2022 = 0.26 
2023 = 0.12 
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Region of job ads 1 (East Midlands) = 0.06  
2 (East of England) = 0.08 
3 (Greater London) = 0.15 

4 (North East) = 0.02 
5 (North West) = 0.10 
6 (South East) = 0.14 
7 (South West) = 0.08 

8 (West Midlands) = 0.09 
9 (Yorkshire and Humber) = 0.07 

10 (Other, such as Scotland and Wales) 
= 0.21 

 

Source of job ads 1 (Employer website) = 0.09 
2 (Education institutions) = 0.01 
3 (Government website) = 0.01 

4 (Job board) = 0.52 
5 (Job intermediary/aggregator) = 0.27 

6 (Recruiter) = 0.03 
7 (Other) = 0.08  

 
Next, we examined the impact of labor force gender/racial composition on each 

dimension of gender/EDI language in job ads. Similarly, we estimated two-stage IV GMM 
regression models. Because both the IVs and endogenous predictors were measured at the 
industry-occupation or industry/occupation level, it makes little sense to estimate the first-stage 
models based on the sample of 28.6 million job ads where the labor force composition values 
are assigned to individual job ads, with multiple duplicating records included in the sample for 
both the independent and dependent variables. In this case, we estimated the models based on 
the reduced sample of 189 industry-occupation groups, and calculated the dependent variables 
as the adjusted mean scores of each dimension of gender/EDI language for each of the 189 
industry-occupation groups. The adjustments took account of the year, region, and source of job 
ads using the measures reported in Table S10. In the first-stage models, we regressed the 
current labor force gender/racial composition for the 189 industry-occupation groups on the IVs. 
In the second-stage models, we regressed the adjusted mean values of each dimension of 
gender/EDI language for the 189 industry-occupation groups on the predicted labor force 
gender/racial composition obtained from the first-stage models. We modeled the impact of labor 
force gender and racial composition on each dimension of gender/EDI language separately to 
understand their unconstrained impacts. Moreover, to test the compensation hypotheses (i.e., 
non-linearity), we included the quadratic, in addition to the linear, term of labor force 
gender/racial composition as an endogenous predictor in models (and accordingly included the 
quadratic terms of the IVs in the first-stage models).  

Notably, we have conducted several supplementary analyses to ensure the robustness 
of our results. First, adjusting p values for multiple hypothesis testing does not alter our 
substantive conclusions (Supplementary Materials 7, Tables S11–13). Second, although we 
used the proportion of non-white workers to measure labor force racial composition in our main 
analysis, our further robustness checks using the alternative Blau diversity index (20) based on 
multiple ethnic/racial categories yielded substantively consistent results (Supplementary 
Materials 8, Table S14). Third, our study covers the 2018–2023 period, and our further analysis 
considered potential heterogeneities between 2018–2020 and 2021–2023 (e.g., COVID-19 and 
Black Lives Matter). We have taken 2021 rather than 2020 as the cut-off year because it is 
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plausible to expect any impact of COVID-19 and movements such as Black Lives Matter to take 
some time to result in changes in language used in job ads. The supplementary results show 
that our main findings remain substantively consistent across the time periods, and they further 
show that, as expected due to movements such as Black Lives Matter, the role of workforce 
racial composition in predicting EDI language in job ads is stronger in the latter period 
(Supplementary Materials 8, Tables S15–S17). Finally, although we do not have a strong 
theoretical motivation to hypothesize how gender language may affect labor force racial 
composition, we estimated supplementary models to examine the role of gender language in 
predicting racial minority representation across industry-occupation groups. The results show 
that none of the four dimensions of gender language plays a statistically significant role in 
predicting labor force racial composition (Supplementary Materials 8, Tables S18). 
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Supplementary Materials 7: Model results for the figures presented in the main article 
 
Table S11. Two-stage instrumental-variable GMM regression models estimating the impact of 
gender/EDI language in job ads on labor force composition (for Fig. 2 in the main article) 
 % women % racial minority 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

Explicit gender 
references (high 
= feminine) 

–0.074         

(0.035)        

[0.034]        

 {0.060}        

Gendered 
psychological 
cues (high = 
feminine) 

 –0.260        

 (0.125)        

 [0.037]       

  {0.060}       

Gendered work 
roles (high = 
feminine) 

  –0.096       

  (0.046)       

   [0.037]       

   {0.060}      

Work-family cues 
(high = feminine) 

   0.313      

   (0.141)      

    [0.026]      

    {0.060}     

EDI policy (high = 
pro-EDI) 

    0.102   0.005   

     (0.053)  (0.015)  

     [0.052]   [0.715]  

     {0.070}  {0.819}  

EDI culture (high = 
pro-EDI) 

     0.072   0.001  

      (0.034)   (0.009) 
      [0.034]   [0.870] 

      {0.060}  {0.871} 

Constant  52.009 60.261 53.875 34.314 46.080 44.928 13.176 13.235 
 (3.472)  (7.027)  (4.097)  (7.134)  (3.418)  (3.551)  (0.685)  (0.736)  
  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001] 

Control variables Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Year, 
region, and 
source of 
job ads 

Instrumental 
variables  

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 

Job ad 
word count 
– linear and 
quadratic 

terms 
Hausman 

endogeneity 
test, χ2 

0.403 11.972 11.479 2.655 0.961 9.443 0.000 1.788 

[0.525] [< 0.001] [< 0.001] [0.103] [0.327] [0.002] [0.984] [0.181] 
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Under-identification 
(Kleibergen-
Paap rk LM 
statistic, χ2) 

42.398 49.052 47.545 42.616 39.864 32.108 39.864 32.108 

 [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001] 

Weak identification 
(Kleibergen-
Paap rk Wald F 
statistic) 

40,655.09 51.878 659.266 331.7673 2,545.717 1,012.886 2,545.717 1,012.886 

 [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001]  [< 0.001] 

Over-identification 
(Hansen J 
statistic, χ2) 

0.687 0.010 0.360 0.071 1.029 0.426 1.794 1.789 

[0.407] [0.920] [0.549] [0.790] [0.310] [0.514] [0.181] [0.181] 

Note: N = 28,609,485 job ads for all models. SE = Standard errors clustered at the level of industry-occupation 
groups (189 groups). GMM = Generalized method of moments. EDI = Equality, diversity, and inclusion. LM = 
Lagrange multiplier. First-stage model results are not shown. Racial minority refers to all ethnic groups other than 
white British, white Irish, and other white groups. {q} refer to Benjamini and Hochberg q-values adjusting for multiple 
hypothesis testing as described in Anderson (2008) (76). 
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Table S12. Two-stage instrumental-variable GMM regression models estimating the linear 
impact of labor force composition on gender/EDI language in job ads (all language scores 
adjusted for the year, region, and source of job ads; for Fig. 3 Panel A in the main article) 
 Explicit 

gender 
references 

Gendered 
psychologi
cal cues 

Gendered 
work roles 

Work-
family cues 

EDI  
policy 

EDI  
culture 

EDI  
policy 

EDI  
culture 

 B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

% women –0.056 0.283 0.197 0.084 –0.043  0.165   

(0.015)  (0.061)  (0.024)  (0.012)  (0.049)  (0.025)    

[< 0.001] [< 0.001] [< 0.001] [< 0.001] [0.384] [< 0.001]    

 {0.001} {0.001} {0.001} {0.001} {0.384} {0.001}   

% racial minority       0.765 0.806 
       (0.163)  (0.168)  
       [< 0.001] [< 0.001] 

       {0.001} {0.001} 

Constant  71.730 43.068 60.781 33.729 18.419 21.054 7.684 18.698 
 (0.709)  (2.689)  (1.127)  (0.560)  (2.185)  (1.172)  (1.995)  (2.045)  
 [< 0.001] [< 0.001] [< 0.001] [< 0.001] [0.011] [< 0.001] [< 0.001] [< 0.001] 

Instrumental variables  % women 
at SOC 

level 1 and 
SIC level 1 
in 2001–

2002 

% migrants 
at SOC 

level 1 and 
% women 

at SIC level 
1 in 2001–

2002 

% women 
at SOC 

level 1 and 
SIC level 1 
in 2001–

2002 

% women 
at SOC 

level 1 and 
SIC level 1 
in 2001–

2002 

% racial 
minority at 
SOC level 

1 and % 
women at 
SIC level 1 
in 2001–

2002 

% women 
at SOC 

level 1 and 
SIC level 1 
in 2001–

2002 

% racial 
minority at 
SOC level 
1 and SIC 
level 1 in 

2001–2002 

% migrants 
at SOC 

level 1 and 
% racial 
minority 

SIC level 1 
in 2001–

2002 
Endogeneity test 

(Hausman test, χ2) 
5.120 25.348 0.010 22.245 0.739 17.005 21.696 15.031 

[0.024] [< 0.001] [0.921] [< 0.001] [0.390] [< 0.001] [< 0.001] [< 0.001] 

Under-identification test 
(Anderson’s 
canonical 
correlations test, χ2) 

149.407 39.239 149.407 149.407 45.374 149.407 68.001 56.562 

[< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] 

Weak identification test 
(Cragg-Donald Wald 
F statistic) 

350.937 24.367 350.937 350.937 29.380 350.937 52.278 39.719 

[< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] 

Over-identification test 
(Hansen J statistic, 
χ2) 

0.613 0.294 1.398 0.311 1.928 0.150 2.411 2.459 

[0.434] [0.588] [0.237] [0.577] [0.165] [0.699] [0.121] [0.117] 

Note: N = 189 industry-occupation groups for all models. SE = Standard errors. GMM = Generalized method of 
moments. EDI = Equality, diversity, and inclusion. LM = Lagrange multiplier. First-stage model results are not shown. 
Racial minority refers to all ethnic groups other than white British, white Irish, and other white groups. {q} refer to 
Benjamini and Hochberg q-values adjusting for multiple hypothesis testing as described in Anderson (2008) (76). 
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Table S13. Two-stage instrumental-variable GMM regression models estimating the non-linear 
impact of labor force composition on gender/EDI language in job ads (all language scores 
adjusted for the year, region, and source of job ads; for Fig. 3 Panel B in the main article) 
 Explicit 

gender 
references 

Gendered 
psychologi
cal cues 

Gendered 
work roles 

Work-
family cues 

EDI  
policy 

EDI  
culture 

EDI  
policy 

EDI  
culture 

 B (SE) [p]  
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

B (SE) [p] 
{q} 

% women –0.270  –0.051  0.181  0.440 0.329  0.196    

(0.087)  (0.215)  (0.143)  (0.093)  (0.167)  (0.148)    

[0.002]  [0.814]  [0.206]  [< 0.001]  [0.050]  [0.188]    

 {0.007} {0.904} {0.277} {0.001} {0.010} {0.274}   

% women (squared) 0.002  0.004  0.000  –0.004 –0.004  –0.000    

 (0.001) (0.002) (0.002) (0.001) (0.002) (0.002)   

 [0.014]  [0.098]  [0.928]  [< 0.001]  [0.062]  [0.847]    

 {0.036} {0.157} {0.928} {0.001} {0.110} {0.904}   

         

% racial minority       –2.830 –0.366 
       (0.684)  (0.429)  
       [< 0.001]  [0.396]  
       {0.001} {0.488} 
% racial minority 
(squared) 

      0.126 0.037  
       (0.026)  (0.015)  
       [< 0.001]  [0.015]  
       {0.001} {0.036} 
Constant  74.890 47.957 61.101 28.751 11.224 20.525 27.257 26.574 
 (1.421)  (4.110)  (2.344)  (1.776)  (2.739)  (2.432)  (3.986)  (2.975)  
 [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] 

Instrumental variables  % women 
SOC level 1 
– linear and 
quadratic 
terms, % 

women SIC 
level 1 – 

linear and 
quadratic 

terms 

% migrants 
SOC level 
1 – linear 

and 
quadratic 
terms, % 
women 

SIC level 1 
– linear 

and 
quadratic 

terms 

% women 
SOC level 
1 – linear 

and 
quadratic 
terms, % 
women 

SIC level 1 
– linear 

and 
quadratic 

terms 

% migrant 
SOC level 
1 – linear 

and 
quadratic 
terms, % 
women 

SIC level 1 
– linear 

and 
quadratic 

terms 

% women 
SOC level 
1 – linear 

and 
quadratic 
terms, % 
women 

SIC level 1 
– linear 

and 
quadratic 

terms 

% women 
SOC level 
1 – linear 

and 
quadratic 
terms, % 
women 

SIC level 1 
– linear 

and 
quadratic 

terms 

% racial 
minority 

SOC level 
1 – linear 

and 
quadratic 
terms, % 

racial 
minority 

SIC level 1 
– linear 

and 
quadratic 

terms 

% migrants 
SIC level 1 

– linear 
and 

quadratic 
terms, % 

racial 
minority 

SIC level 1 
– linear 

and 
quadratic 

terms 

Endogeneity test 
(Hausman test, χ2) 

4.811 31.911 0.620 18.724 8.097 18.956 60.514 12.476 

[0.092] [< 0.001] [0.733] [< 0.001] [0.017] [< 0.001] [< 0.001] [0.002] 

Under-identification 
test (Anderson’s 
canonical 
correlations test, 
χ2) 

54.056 40.108 54.056 40.108 54.056 54.056 36.939 45.733 

[< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] 
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Weak identification 
test (Cragg-Donald 
Wald F statistic) 

18.427 12.391 18.427 12.391 18.427 18.427 11.175 14.684 

[< 0.001] [< 0.01] [< 0.001] [< 0.01] [< 0.001] [< 0.001] [< 0.01] [< 0.001] 

Over-identification test 
(Hansen J statistic, 
χ2) 

1.597 1.304 3.493 4.654 4.230 1.520 2.150 5.685 

[0.450] [0.521] [0.174] [0.097] [0.121] [0.468] [0.341] [0.058] 

Note: N = 189 industry-occupation groups for all models. SE = Standard errors. GMM = Generalized method of 
moments. EDI = Equality, diversity, and inclusion. LM = Lagrange multiplier. First-stage model results are not shown. 
Racial minority refers to all ethnic groups other than white British, white Irish, and other white groups. {q} refer to 
Benjamini and Hochberg q-values adjusting for multiple hypothesis testing as described in Anderson (2008) (76). 
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Supplementary Materials 8: Supplementary analyses 
 
Table S14. Two-stage instrumental-variable GMM regression models, measuring labor force 
racial composition using Blau diversity index 
 Blau index 

measuring 
racial/ethnic 

diversity 

Blau index 
measuring 

racial/ethnic 
diversity 

EDI  
policy 

EDI  
culture 

EDI  
policy 

EDI  
culture 

 B (SE) [p] B (SE) [p] B (SE) [p] B (SE) [p] B (SE) [p] B (SE) [p] 

EDI policy 0.020       

(0.023)       

[0.370]      

EDI culture  0.010      

  (0.015)      

  [0.483]      

Blau index   0.463 0.508 –2.282 –0.732  
   (0.103)  (0.107)  (0.529)  (0.374)  
   [< 0.001] [< 0.001] [< 0.001] [0.052] 

Blau index (squared)     0.060 0.027  
     (0.013)  (0.009)  
     [< 0.001] [0.003] 

Constant  23.230 23.127 6.973  17.523 31.713 28.819 
 (1.049)  (1.101)  (2.234)  (2.303)  (4.824)  (3.496)  
 [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] [< 0.001] 

Instrumental variables  Job ad word 
count – linear 
and quadratic 

terms 

Job ad word 
count – linear 
and quadratic 

terms 

Blau index for 
ethnic 

diversity at 
SOC level 1 

and SIC level 
1 in 2001–

2002 

Blau index for 
ethnic 

diversity at 
SIC level 1 in 
2001–2002, % 

migrants at 
SOC level 1 in 

2001–2002  

Blau index for 
ethnic 

diversity at 
SOC level 1 

and SIC level 
1 –linear and 
quadratic – in 
2001–2002  

Blau index for 
ethnic 

diversity at 
SIC level 1 –

linear and 
quadratic – in 
2001–2002, % 
women at SIC 
level 1 – linear 
and quadratic 

– in 2001–
2002   

N 28,609,485 
job ads  

28,609,485 
job ads 

189 industry-
occupation 

groups 

189 industry-
occupation 

groups 

189 industry-
occupation 

groups 

189 industry-
occupation 

groups 
Note: GMM = Generalized method of moments. EDI = Equality, diversity, and inclusion. LM = Lagrange multiplier. SE 
= Standard errors clustered at the level of industry-occupation groups (189 groups) for the first two models. First-
stage model results not shown. Blau index measures the probability that two randomly selected individuals belong to 
different ethnic groups. The original Blau index ranges from 0 to 1, with a higher score indicates greater racial 
diversity in the labor force composition. For the ease of interpretation and comparison with our main results, we 
rescaled the measure to range from 0 to 100. We calculated Blau index for current labor force composition across the 
189 industry-occupation groups based on 11 ethnic categories, as captured by the 2018–2023 Labor Force Survey: 
white British, white Irish, other white, mixed, Indian, Pakistani, Bangladeshi, Chinese, other Asian, Black 
African/Caribbean/Black/British, and other; and we calculated Blau index for the IVs (historical labor force ethnic 
composition) based on six ethnic categories, as the 2001–2002 Labor Force Survey did not capture more detailed 
ethnic groups: white, mixed, Asian, Black, Chinese, and other. Control variables for the first two models include the 
region, source and year of job ads. All instrumental variables have passed all the tests reported in Supplementary 
Materials 7 as valid instruments. 
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Table S15. Two-stage instrumental-variable GMM regression models estimating the impact of 
gender/EDI language in job ads on labor force composition – period interactions 
 % women % racial minority 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

Explicit gender 
references (high 
= feminine) × 
period 

0.026        

(0.015)        

[0.071]        
Gendered 

psychological 
cues (high = 
feminine) × 
period 

 0.126       

 (0.065)       

 [0.050]       

Gendered work 
roles (high = 
feminine) × 
period 

  0.033      

  (0.022)      

  [0.133]      
Work-family cues 

(high = feminine) 
× period  

   –0.269     

   (0.096)     

   [0.005]     
EDI policy (high = 

pro-EDI) × 
period 

    –0.043  0.008  

    (0.027)  (0.006)  

    [0.115]  [0.191]  
EDI culture (high = 

pro-EDI) × 
period  

     –0.029  0.006 

     (0.016)  (0.004) 

     [0.060]  [0.114] 
Constant  Yes Yes Yes Yes Yes Yes Yes Yes 
Control variables Yes Yes Yes Yes Yes Yes Yes Yes 
Instrumental 
variables  Yes Yes Yes Yes Yes Yes Yes Yes 

Note: N = 28,609,485 job ads for all models. SE = Standard errors clustered at the level of industry-occupation 
groups (189 groups). GMM = Generalized method of moments. EDI = Equality, diversity, and inclusion. LM = 
Lagrange multiplier. First-stage model results are not shown. Racial minority refers to all ethnic groups other than 
white British, white Irish, and other white groups. Control variables include the region, source and year of job ads. All 
instrumental variables are the same as those reported in Supplementary Materials 7, and they have passed all the 
tests reported in Supplementary Materials 7 as valid instruments. The period dummy distinguishes between 2018–
2020 and 2021–2023. 
 
  



 44 

Table S16. Two-stage instrumental-variable GMM regression models estimating the linear 
impact of labor force composition on gender/EDI language in job ads – period interactions (all 
language scores adjusted for the year, region, and source of job ads) 
 Explicit 

gender 
references 

Gendered 
psychologi
cal cues 

Gendered 
work roles 

Work-
family cues 

EDI  
policy 

EDI  
culture 

EDI  
policy 

EDI  
culture 

 B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

% women × period –0.018 0.045 0.024 0.026 –0.042  0.016   

(0.021)  (0.036)  (0.035)  (0.018)  (0.035)  (0.033)    

[0.400] [0.210] [0.506] [0.153] [0.235] [0.639]    

% racial minority × 
period 

      1.306 0.479 
      (0.226)  (0.217)  
      [< 0.001] [0.028] 

Constant  Yes Yes Yes Yes Yes Yes Yes Yes 
Instrumental variables  Yes Yes Yes Yes Yes Yes Yes Yes 
Note: N = 189 industry-occupation groups for all models. SE = Standard errors. GMM = Generalized method of 
moments. EDI = Equality, diversity, and inclusion. LM = Lagrange multiplier. First-stage model results are not shown. 
Racial minority refers to all ethnic groups other than white British, white Irish, and other white groups. All instrumental 
variables are the same as those reported in Supplementary Materials 7, and they have passed all the tests reported 
in Supplementary Materials 7 as valid instruments. The period dummy distinguishes between 2018–2020 and 2021–
2023. 
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Table S17. Two-stage instrumental-variable GMM regression models estimating the non-linear 
impact of labor force composition on gender/EDI language in job ads – period interactions (all 
language scores adjusted for the year, region, and source of job ads) 
 Explicit 

gender 
references 

Gendered 
psychologi
cal cues 

Gendered 
work roles 

Work-
family cues 

EDI  
policy 

EDI  
culture 

EDI  
policy 

EDI  
culture 

 B (SE) [p]  
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

B (SE) [p] 
{p} 

% women × period –0.181  –0.133  –0.115  0.049 0.321  0.112    

(0.128)  (0.229)  (0.210)  (0.104)  (0.217)  (0.202)    

[0.157]  [0.561]  [0.585]  0.637]  [0.140]  [0.580]    

% women (squared) × 
period 

0.002  0.002 0.002  –0.0003 –0.004  –0.001    

(0.001) (0.003) (0.002) (0.001) (0.002) (0.002)   

[0.202]  [0.425]  [0.516]   [0.774]  [0.093]  [0.624]    

% racial minority × 
period 

      –1.774 –0.609  
      (0.549)  (0.435)  
      [0.001]  [0.162]  

% racial minority 
(squared) × period 

      0.068 0.026  
      (0.015)  (0.011)  
      [< 0.001]  [0.020]  

Constant  Yes Yes Yes Yes Yes Yes Yes Yes 
Instrumental variables  Yes Yes Yes Yes Yes Yes Yes Yes 
Note: N = 189 industry-occupation groups for all models. SE = Standard errors. GMM = Generalized method of 
moments. EDI = Equality, diversity, and inclusion. LM = Lagrange multiplier. First-stage model results are not shown. 
Racial minority refers to all ethnic groups other than white British, white Irish, and other white groups. All instrumental 
variables are the same as those reported in Supplementary Materials 7, and they have passed all the tests reported 
in Supplementary Materials 7 as valid instruments. The period dummy distinguishes between 2018–2020 and 2021–
2023. 
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Table S18. Two-stage instrumental-variable GMM regression models estimating the impact of 
gender language in job ads on labor force racial composition  
 % racial minority 

 B (SE) [p]  B (SE) [p]  B (SE) [p]  B (SE) [p] 

Explicit gender references (high = 
feminine) 

–0.001     

(0.009)    

[0.909]    

     

Gendered psychological cues (high 
= feminine) 

 0.007    

 (0.028)    

 [0.801]   

     

Gendered work roles (high = 
feminine) 

  –0.001   

  (0.012)   

   [0.939]   

     

Work-family cues (high = feminine)    –0.012  

   (0.033)  

    [0.705]  

Constant  Yes Yes Yes Yes 

Control variables Yes Yes Yes Yes 

Instrumental variables  Yes Yes Yes Yes 

Note: N = 28,609,485 job ads for all models. SE = Standard errors clustered at the level of industry-occupation 
groups (189 groups). GMM = Generalized method of moments. First-stage model results are not shown. Racial 
minority refers to all ethnic groups other than white British, white Irish, and other white groups. Control variables 
include the region, source and year of job ads. All instrumental variables are the same as those reported in 
Supplementary Materials 7, and they have passed all the tests reported in Supplementary Materials 7 as valid 
instruments. 
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Supplementary Materials 9: Data access and replication codes  
 
Given copyright and confidentiality issues, we are not able to share the individual job ad data. 
Similarly, we have used the labor force statistics curated by the Office for National Statistics in 
the United Kingdom (UK) through the UK Data Service after permission. While according to the 
data access agreement we are allowed to share the aggregate statistical findings (as reported in 
the Article and Supplementary Information), we do not have permission to share the original job 
ad or labor force data. The codes for conducting all steps of data preparation and analysis are 
publicly available at https://osf.io/v8b6m.To replicate our analyses, one needs to apply for 
access to and download the UK Quarterly Labor Force Survey data (January 2018 to June 
2023; April 2001 to December 2002) via the UK Data Service 
(https://beta.ukdataservice.ac.uk/datacatalogue/series/series?id=2000026), as well as acquire 
the job ad data from Lightcast (https://lightcast.io). The codes for replicating our data 
preparation and analyses include the following:  
 

• Python codes in the Jupyter notebook format for (pre)processing the job ad data and 
word embedding for generating gender/EDI language scores; 

• Stata codes for further cleaning the job ad data and cleaning and merging in labor force 
statistics; 

• Stata codes for conducting data analyses and robustness checks; 
• R scripts for producing graphs. 

 
Three software were used for the analyses (Python, R, and Stata), of which two were open 
source (Python and R). Although Stata is not an open-source software, it is a standard, state-of-
the-art software for the type of econometric modeling used in our analysis. Specific software 
packages used include: For the job advertising preprocessing and word embedding calculation, 
Pythton (version 3.9.5) and specifically numpy (version 1.22.4), pandas (version 1.3.4), pytorch 
(version 1.13.0), nltk (version 3.6.2), genism (version 4.1.2), flair (version 0.11.3), scipy (version 
1.7.1) and jupyterlab (version 3.1.11) packages were used. For the descriptive and modeling 
analyses presented in the main and supplementary files, Stata 18.0 MP4 was used. The 
instrumental-variable models were estimated using the ivreg2 package in Stata. The graphs 
included in the main article were produced using R (version 4.2.2) and the “ggplot2” package 
(version 3.4.0). 
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