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Underrepresented minority faculty in the 
USA face a double standard in promotion and 
tenure decisions

Theodore Masters-Waage1, Christiane Spitzmueller2, Ebenezer Edema-Sillo    1, 
Ally St. Aubin    1, Michelle Penn-Marshall3, Erika Henderson4, 
Peggy Lindner    5, Cynthia Werner6, Tracey Rizzuto    7 & Juan Madera    8 

Underrepresented minority (URM) faculty face challenges in many domains 
of academia, from university admissions to grant applications. We examine 
whether this translates to promotion and tenure (P&T) decisions. Data 
from five US universities on 1,571 faculty members’ P&T decisions show that 
URM faculty received 7% more negative votes and were 44% less likely to 
receive unanimous votes from P&T committees. A double standard in how 
scholarly productivity is rewarded is also observed, with below-average 
h-indexes being judged more harshly for URM faculty than for non-URM 
faculty. This relationship is amplified for faculty with intersectional 
backgrounds, especially URM women. The differential treatment of URM 
women was mitigated when external reviewers highlighted candidates’ 
scholarship more in their review letters. In sum, the results support 
the double standard hypothesis and provide evidence that different 
outcomes in P&T decision-making processes contribute to the sustained 
underrepresentation of URM faculty in tenured faculty positions.

The academic community is not representative of the society it serves. 
In the USA, of the 840,000 full-time faculty at degree-granting post-
secondary institutions, academics are disproportionately white or 
Asian (82%) relative to the US population (66%). This overrepresenta-
tion corresponds to a staggering underrepresentation of Black and 
Hispanic individuals, who make up 31% of the US population but only 
a tenth of faculty appointments at institutions of higher education1.

Not only does this inequality harm equitable access to academic 
careers, but it also harms academia by reducing the quality and breadth 
of research. Diverse teams of academics produce more innovative2–4 
and highly cited research5. Additionally, given that faculty have a tend-
ance to study topics that are relevant to their societal, cultural and 
ethnic backgrounds, the lack of Black and Hispanic scholars results in 

less focus on the issues facing Black and Hispanic communities in the 
USA6. Furthermore, undergraduate and graduate URM students are 
more likely to pursue and sustain academic careers when given access 
to faculty mentors who share their lived experiences7, and they per-
form better when working with faculty who share their intersectional 
identity8. For these reasons, universities, governments and global 
academic organizations have taken steps to address underrepresenta-
tion among faculty9.

A variety of different barriers have contributed to underrepre-
sentation in academia10. To begin, individuals with URM backgrounds, 
on average, have been disadvantaged by admissions processes at 
elite universities that privilege legacy admissions and donors as well 
as students who have greater access to resources designed to help 
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than that of non-URM faculty. In other words, URM faculty with lower 
levels of scholarly productivity will be treated more negatively than 
non-URM faculty with lower levels of productivity. (Hypothesis 2: 
Scholarly productivity will moderate the relationship between URM 
status and P&T voting, such that the racial disparities will be greatest 
for faculty with lower levels of scholarly productivity.)

Furthermore, we argue that the challenges faced by URM faculty 
are particularly likely to affect URM women, whose intersectional 
identities expose them to different perceptions associated with their 
URM status and gender. Intersectionality, as defined by Collins33, is the 
“critical insight that race, class, gender, sexuality, ethnicity, nation, 
ability, and age operate not as unitary, mutually exclusive entities, 
but as reciprocally constructing phenomena that in turn shape com-
plex social inequalities” (p. 2). Intersectional analysis encapsulates a 
paradigm shift in which social categories are best understood within 
cultural and political histories, in the context of other categories and 
as jointly associated with experiences and outcomes35,36. A substantial 
amount of empirical research has examined evidence for gender bias 
in academia5,37–41 and to a lesser extent racial bias42,43. However, empiri-
cal research on intersectionality has been limited, with the majority of 
the work being qualitative6,44. This gap is significant, given that URM 
women face increased challenges in the P&T process and are potentially 
“double taxed”45,46. We critically examine this hypothesis by considering 
whether URM women specifically face amplified double standards for 
scholarly productivity in the P&T process. (Hypothesis 3: The moderat-
ing effect of scholarly productivity on the relationship between URM 
status and P&T voting will be most pronounced for URM women.)

Thus far, this paper has considered the conditions under which 
URM candidates, and URM women candidates in particular, are treated 
differently in the P&T process. Next, we investigate factors that could 
close this gap. Specifically, we examine the role of ERLs, which pro-
vide decision makers with an outsider’s view of a P&T candidate’s 
quality when making their recommendations. Administrators have 
described ERLs as one of the most critical factors determining P&T 
decisions24,47,48. The level of influence that letter writers have in the 
P&T process highlights the importance of how they choose to describe 
P&T candidates34.

In recent years, academics have written guidelines for how letter 
writers can champion minority faculty24—for example, by adopting 
‘anti-racist’ approaches in their ERLs25. However, such recommenda-
tions are generally based on academics’ qualitative experiences in the 
P&T process and applications from other fields. We further develop 
this work by advancing theory on how the linguistic qualities of ERLs 
relate to outcomes for URM faculty in the P&T process34. Building on 
the shifting standards model, we theorize that the discussion of aca-
demic scholarship within ERLs may play a particularly important role 
in the evaluation of URM faculty. Given that minority group members 
are held to a higher standard in terms of performance31, URM faculty 
whose scholarship is discussed in more depth in their ERLs are likely to 
fare better in the P&T process. In particular, beyond the rigid measures 
of scholarship (most notably faculty h-index), the letter writer’s discus-
sion of a candidate’s scholarship can provide a more nuanced assess-
ment of a faculty member’s scholarly impact on their field of study and 
on society. External reviewers can demonstrate an appreciation for the 
innovations and novel contributions that are being made by a URM 
scholar6. By doing so, letter writers who champion the scholarship of 
URM candidates might mitigate the extent to which they experience 
challenges in the P&T process. (Hypothesis 4: The extent to which letter 
writers discuss candidates’ scholarship in their ERLs for P&T candidates 
will moderate the relationship between URM status and P&T voting, 
such that increased mention of the quality and impact of scholarship 
will reduce racial disparities.)

To summarize, this paper interrogates a potential crux in academ-
ia’s underrepresentation problem: racial disparities in P&T voting. To 
do so, we use a multi-institution dataset containing 1,571 P&T decisions 

them succeed in the admissions process11. It is therefore not surpris-
ing that URM students have been admitted into graduate school and 
completed doctoral degrees at lower rates than either white or Asian 
individuals4. Within academia, URM academics have faced barriers in 
the peer-review process12–15, the funding of grants from government 
agencies16,17 and the acquisition of patents18,19. In addition, they can 
be stereotyped as less competent and less hireable within the aca-
demic community20. These factors affect URM academics throughout 
their careers, but they come to a crux in promotion and tenure (P&T) 
decision-making, which constitutes a key advancement step impact-
ing faculty diversity in tenured positions. It is these decisions that 
determine a scholar’s ability to stay at their current institution or be 
forced to relocate to another postsecondary institution or choose a 
different career path entirely21,22. Anecdotal and qualitative data sug-
gest that faculty of colour experience unique challenges when it comes 
to P&T23. In an effort to challenge structural racism within academia, 
several scholars have offered guidance on how external review letter 
(ERL) writers can help guard against these challenges24,25. Consider-
ing the criticality of P&T decisions for individual faculty careers and 
the diversity of the academy, there is a staggering lack of empirical, 
quantitative research on the P&T processes and the role that bias plays 
in P&T decision-making.

Although academia presents itself as a meritocratic system20,21, 
past research has found that irrelevant demographic factors can affect 
outcomes. This has been most heavily studied in the context of gen-
der. For example, women in academia face challenges in applications 
to academic positions22, invitations to present their research23 and 
teaching evaluations24, which have all been attributed to the different 
perceptions held about men versus women academics. Race-based 
perceptions also affect URM academics17,25, but less research has exam-
ined how these translate into different outcomes within the academic 
reward system. In this paper, we hypothesize that racial disparities in 
academia extend to the P&T process, and we examine the conditions 
under which this association is more or less pronounced. We also con-
sider how ERL writers can help mitigate this and support URM faculty 
who deserve promotion. (Hypothesis 1: URM status is negatively related 
to P&T voting outcomes.)

Decades of research has shown that there are specific conditions 
under which minority group members are treated differently than 
majority group members26–28. In terms of judgement formation, the 
differences can manifest as minority versus majority group mem-
bers being held to different standards28–31. Past research has shown 
that these standards are most likely to shift when individuals are 
being judged in terms of ability to perform at a high standard, with 
experimental research showing that URMs are judged more harshly 
for similar levels of performance31. This is the basis of the frequent 
remark that minorities must “work twice as hard to be considered 
half as good”32.

Within the P&T process, particularly among R1 institutions, 
the most important metric for evaluating faculty is research 
productivity18,29–31, which in theory appears to be an objectively quan-
tifiable metric (for example, the number of publications, citations and 
grant dollars accrued). Research productivity is typically assessed in 
terms of faculty’s research output and impact33, evaluated through 
standardized research impact metrics (such as h-index scores) and 
ERLs, which provide holistic evaluations of faculty (including their 
scholarly productivity) by experts in the field34. Tenure-track/ten-
ured faculty are typically expected to spend more time and effort on 
research than on other activities. It is therefore not surprising that past 
research has shown that scholarly productivity is weighted more heav-
ily in annual reviews and P&T decision-making than teaching, service 
to the institution and/or public, and contributions to diversity9–12. In 
line with the shifting standards model22–25, we hypothesize that when 
voting on whether a P&T candidate should be promoted, committees 
will hold URM faculty’s research output and impact to a higher standard 
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for faculty members seeking promotion to associate professor (with 
tenure) or promotion to full professor49. This dataset is supplemented 
with linguistic analyses of ERLs written for P&T candidates and publicly 
available data scraped from the Internet (for example, the h-index). 
Through examining our hypotheses, we close three practically, theo-
retically and empirically relevant research gaps. First, we empirically 
examine whether URM faculty are evaluated more negatively in the 
P&T process. Second, we investigate whether this is linked to a P&T 
candidate’s intersectional identity and a double standard in which URM 
(and particularly URM women) faculty are judged more harshly for 
low faculty productivity. Third, we determine whether and how more 
negative evaluations of URM faculty and URM women can be mitigated 
through ERLs. We thus provide practical contributions to university 
administrators whose areas of responsibility include oversight of P&T 
processes. We also provide recommendations for faculty members 
who are interested in writing identity-affirming, supportive ERLs for 
faculty of colour and particularly women of colour.

Results
Descriptive statistics and correlations for all study variables are 
provided in Extended Data Table 1 (see the online supplementary  
materials).

Association between URM status and P&T decisions
Our first set of analyses examined the relationship between URM status 
and P&T decisions at all levels of voting (Hypothesis 1). We analysed both 
the percentage of negative votes faculty received (continuous variable) 
and whether they received a unanimous positive vote (dichotomous 
variable). Both these outcomes are important. A unanimous vote can 
be seen as a gold standard for faculty, reducing the scrutiny they receive 
later in the process. The negative vote percentage is a key indicator of 
the degree of support a faculty candidate received.

First, we examined the association between candidate URM status 
and department-level voting outcomes. As shown in Tables 1 and 2, with 
and without control variables, there was no evidence of a relationship 

between candidate URM status and department negative vote per-
centage or department unanimous votes. There was a different trend 
for the relationship between candidate URM status and college-level 
voting outcomes. As shown in Tables 1 and 2, without control vari-
ables, candidate URM status was associated with more negative votes 
(β = 0.33; P < 0.001; 95% confidence interval (CI), (0.15, 0.51)) and fewer 
unanimous votes (odds ratio (OR), 0.56; P = 0.004; 95% CI, (0.38, 0.83)) 
at the college level. Similarly, with control variables, candidate URM 
status was associated with more negative votes (β = 0.31; P = 0.002; 
95% CI, (0.12, 0.51)) and fewer unanimous votes (OR = 0.56; P = 0.017; 
95% CI, (0.34, 0.90)) at the college level. To contextualize this result, we 
calculated the unstandardized coefficients, which indicated that URM 
faculty received 7% more negative votes at the college level (b = 0.07; 
P = 0.002; 95% CI, (0.03, 0.12)) keeping other factors constant. Further-
more, interpreting the ORs shows that URM faculty were 44% less likely 
to receive a unanimous vote.

On an exploratory basis, we also conducted a split-sample analysis 
to see whether the results were more pronounced at the promotion 
to associate professor (with tenure) level or promotion to the full 
professor level. As shown in Supplementary Tables 4–7, the results 
are significant in the promotion-to-associate sub-sample but not in 
the promotion-to-full sub-sample. These results tentatively suggest 
that racial disparities are more pronounced at the stage of promotion 
to associate professor (with tenure).

Provost vote. We analysed the direct and indirect effects of URM status 
on the provost vote. Within the universities in this sample, the final 
vote in the P&T process is the provost’s assessment of a candidate’s 
portfolio and committee recommendations that culminate in a final 
recommendation to the university president and board of regents. 
In theory, the provost’s vote is informed by the voting outcomes at 
the department and college level. Consistent with this, as shown in 
Extended Data Table 2, we found that both department negative vote 
percentage (OR = 0.76; P = 0.048; 95% CI, (0.57, 0.998)) and college 
negative vote percentage (OR = 0.30; P < 0.001; 95% CI, (0.22, 0.42)) 

Table 1 | Ordinary least squares (OLS) regression results for candidate URM status predicting negative vote percentage

Department negative vote percentage College negative vote percentage

Model 1 Model 2 Model 1 Model 2Variable
β 95% CI P β 95% CI P β 95% CI P β 95% CI P

URM 
status

0.15 −0.027, 0.336 0.096 0.08 −0.116, 0.285 0.407 0.33*** 0.150, 0.505 <0.001 0.31** 0.116, 0.508 0.002

Woman 
candidate

−0.06 −0.177, 0.066 0.370 −0.05 −0.171, 0.670 0.392

External 
grants

−0.02 −0.082, 0.037 0.459 −0.01 −0.073, 0.045 0.650

STEM 
discipline

0.06 −0.253, 0.378 0.698 0.15 −0.149, 0.458 0.319

Full 
professor

0.17** 0.051, 0.284 0.005 0.19** 0.070, 0.301 0.002

Tenure in 
rank

0.08** 0.023, 0.132 0.006 0.06* 0.004, 0.117 0.036

University 
ranking

−0.30* −0.543, −0.062 0.014 −0.12 −0.343, 0.095 0.266

R2 0.002 0.06 0.01 0.07

F 2.78 1.98 13.09 2.41

N 1,422 1,261 1,457 1,308

The key hypothesis test is indicated in bold. The statistical test is two-tailed. STEM, science, technology, engineering and mathematics. ‘URM status’ is coded 1 for candidates who are URMs 
(Black/African American or Hispanic) and 0 for candidates who are white/Caucasian or Asian/Asian American. ‘Woman candidate’ is coded 1 for women and 0 for men. ‘External grants’ 
refers to the number of external grants awarded as principal investigator. ‘STEM discipline’ is coded 1 for candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. 
‘Full professor’ is coded 1 for candidates seeking promotion to full professor and 0 for candidates seeking promotion to associate professor. ‘Tenure in rank’ refers to the number of years a 
candidate has been in their present rank. ‘University ranking’ refers to the rank of the candidate’s university, according to the US News and World Report. The institution and the Classification of 
Instructional Programs (CIP) code were also used as controls but are not presented in the table due to the large number of parameters. *P < 0.05; **P < 0.01; ***P < 0.001.
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were associated with receiving a ‘no’ vote from the provost. Similarly, 
also shown in Extended Data Table 2, both department unanimous vote 
(OR = 4.73; P < 0.001; 95% CI, (2.04, 10.97)) and college unanimous vote 
(OR = 42.04; P < 0.001; 95% CI, (12.80, 138.08)) were associated with 
receiving a ‘yes’ vote from the provost.

Next, we considered whether—directly or indirectly (via voting 
at the college level)—URM status was related to a negative provost 
vote. We found that there is a significant indirect effect of URM sta-
tus on provost vote both via college-level negative vote percentage 
(OR = 0.87; P < 0.001; 95% CI, (0.83, 0.92)) and via college-level unani-
mous vote (OR = 0.90; P < 0.001; 95% CI, (0.86, 0.94)); see Extended 
Data Table 3. However, we found no evidence for a direct effect of 
URM status on the provost vote (OR = 1.12; P = 0.835; 95% CI, (0.38, 
3.29)); see Supplementary Table 1. These results therefore highlight 

that URM status is related to a negative provost vote but only via 
college-level voting.

Scholarly productivity as a moderating variable
We analysed the hypothesized double standard for URM candidates 
in terms of research productivity (Hypothesis 2). To investigate 
this, we regressed P&T voting outcomes on the interaction between 
candidate URM status and scholarly productivity (operationalized 
as their h-index). First, as shown in Table 3, h-index moderated the 
association between candidate URM status and college negative vote 
percentage (β = −0.34; P = 0.044; 95% CI, (−0.915, −0.010); Fig. 1). 
Additionally, as shown in Table 3, h-index moderated the relation-
ship between candidate URM status and college unanimous votes 
(OR = 4.24; P = 0.003; 95% CI, (1.62, 11.06); Extended Data Fig. 1). As seen 

Table 2 | Logistic regression results for candidate URM status predicting unanimous votes

Department unanimous vote College unanimous vote

Model 1 Model 2 Model 1 Model 2Variable
OR 95% CI P OR 95% CI P OR 95% CI P OR 95% CI P

URM status 0.79 0.530, 1.193 0.268 0.83 0.505, 1.349 0.444 0.56** 0.378, 0.833 0.004 0.56* 0.344, 0.903 0.017

Woman candidate 1.07 0.787, 1.467 0.651 0.91 0.657, 1.269 0.590

External grants 0.96 0.844, 1.099 0.583 0.96 0.843, 1.105 0.605

STEM discipline 0.81 0.389, 1.690 0.577 0.69 0.326, 1.452 0.326

Full professor 0.73* 0.544, 0.976 0.034 0.56*** 0.407, 0.759 <0.001

Tenure in rank 0.89 0.780, 1.009 0.069 0.89 0.771, 1.019 0.091

University ranking 3.07** 1.48, 6.364 0.002 1.75 0.951, 3.204 0.072

Nagelkerke R2 0.001 0.12 0.01 0.16

N 1,422 1,261 1,457 1,308

The key hypothesis test is indicated in bold. The statistical test is two-tailed. ‘URM status’ is coded 1 for candidates who are URMs (Black/African American or Hispanic) and 0 for candidates 
who are white/Caucasian or Asian/Asian American. ‘Woman candidate’ is coded 1 for women and 0 for men. ‘External grants’ refers to the number of external grants awarded as principal 
investigator. ‘STEM discipline’ is coded 1 for candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. ‘Full professor’ is coded 1 for candidates seeking promotion to 
full professor and 0 for candidates seeking promotion to associate professor. ‘Tenure in rank’ refers to the number of years a candidate has been in their present rank. ‘University ranking’ refers 
to the rank of the candidate’s university, according to the US News and World Report. Institution and CIP code were also used as controls but are not presented in the table due to the large 
number of parameters. *P < 0.05; **P < 0.01; ***P < 0.001.

Table 3 | OLS and logistic regression results for the interaction effect of candidate URM status and candidate h-index on 
college-level voting outcomes

Variable
College negative vote percentage College unanimous vote

β 95% CI P OR 95% CI P

URM 0.08 −0.162, 0.314 0.531 0.94 0.487, 1.817 0.855

h-index −0.10* −0.169, −0.021 0.012 1.42** 1.100, 1.827 0.007

URM × h-index −0.34* −0.915, −0.010 0.044 4.24** 1.624, 11.062 0.003

Woman candidate −0.02 −0.155, 0.119 0.799 0.87 0.587, 1.279 0.471

External grants −0.03 −0.102, 0.045 0.443 1.09 0.903, 1.306 0.383

STEM discipline 0.22 −0.122, 0.557 0.209 0.44 0.190, 1.020 0.056

Full professor 0.32*** 0.176, 0.459 <0.001 0.30*** 0.199, 0.453 <0.001

Tenure in rank 0.08* 0.019, 0.148 0.011 0.86 0.725, 1.008 0.063

University ranking −0.07 −0.327, 0.195 0.620 1.63 0.787, 3.369 0.189

R2/Nagelkerke R2 0.08 0.22

F 1.98

For ‘College negative vote percentage’, OLS regression was used. For ‘College unanimous vote’, logistic regression was used. N = 989. The key hypothesis test is indicated in bold. The statistical 
test is two-tailed. ‘URM’ is coded 1 for candidates who are URMs (Black/African American or Hispanic) and 0 for candidates who are white/Caucasian or Asian/Asian American. The variable 
‘h-index’ refers to the candidate’s h-index at the time of P&T. ‘Woman candidate’ is coded 1 for women and 0 for men. ‘External grants’ refers to the number of external grants awarded as 
principal investigator. ‘STEM discipline’ is coded 1 for candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. ‘Full professor’ is coded 1 for candidates seeking 
promotion to full professor and 0 for candidates seeking promotion to associate professor. ‘Tenure in rank’ refers to the number of years a candidate has been in their present rank. ‘University 
ranking’ refers to the rank of the candidate’s university, according to the US News and World Report. Institution and CIP code were also used as controls but are not presented in the table due to 
the large number of parameters. *P < 0.05; **P < 0.01; ***P < 0.001.
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in the graphs below, specifically URM candidates with lower h-indexes 
received more negative votes and fewer unanimous decisions than 
majority member P&T candidates. Together this provides evidence 
for the hypothesized double standard faced by URM candidates in  
the P&T process.

Examining the intersection between URM status and gender
We examined whether the different outcomes experienced by URM  
faculty were amplified for URM women. To investigate this, we regressed 
voting at the college level on the interaction between candidate URM 
status and the ‘woman candidate’ variable. As shown in Supplementary 
Table 2, there is no evidence that candidate gender moderates the 
relationship between candidate URM status and college-level voting 
outcomes—namely, negative vote percentage and unanimous votes.

Next, we investigated whether woman URM candidates specifically 
face a double standard in terms of scholarly productivity (Hypothesis 
3). To investigate this, we regressed P&T decisions on the interaction 
between candidates’ woman/URM status and h-index. Specifically, a 
dummy variable was generated that indicated whether candidates were 
a non-URM man (‘1’), a URM woman (‘2’), a URM man (‘3’) or a non-URM 
woman (‘4’). This categorical variable was then interacted with h-index, 
with non-URM man being the omitted reference category. The analy-
ses were also conducted using a three-way interaction between URM 
status, gender and h-index, with consistent results; these are reported 
in the supplementary materials (Supplementary Table 3).

As shown in Table 4, the results indicate support for a two-way 
interaction for college negative vote percentage (β = −0.97; P = 0.002; 
95% CI, (1.547, −0.384)) and for college unanimous votes (OR = 6.59; 
P = 0.019; 95% CI, (1.37, 31.73)), when comparing non-URM men with 
URM women. The interaction for negative vote percentage is broken 
down by URM and woman status in Fig. 2, highlighting how the relation-
ship reflects a double standard of intersectionality for URM women in 
terms of scholarly productivity; a similar graph for unanimous votes 
is provided in Extended Data Fig. 2.

Mitigating effect of ERL content on P&T decisions
Finally, we examined how the content of candidates’ ERLs could help 
mitigate the challenges faced by URM faculty and specifically URM 
women (Hypothesis 4). Given the above results demonstrating inter-
sectionality in the double standard regarding scholarly productiv-
ity, we focused our analysis on outcomes for URM women faculty. 

We regressed voting outcomes at the college level on the interaction 
between candidates’ URM status and gender status (1 = ‘Woman URM 
candidate’, 0 = ‘All other candidates’) and scholarship language in ERLs. 
As shown in Table 5, scholarship language negatively moderated the 
relationships between woman URM status and college negative voting 
percentage (β = −0.22; P = 0.007; 95% CI, (−0.38, −0.06); Fig. 3) and 
college unanimous votes (OR = 15.67; P = 0.005; 95% CI, (2.33, 105.54); 
Extended Data Fig. 3). These results demonstrate that emphasizing 
URM women candidates’ scholarship in the P&T process could help 
mitigate the double standard they face in academia.

One limitation of the Linguistic Inquiry and Word Count (LIWC) 
analysis is that instances of words related to scholarship are coded, 
but how these words are used is not coded. We therefore conducted a 
robustness check where ‘tone’—a dictionary measuring the instances 
of positive (versus negative) words—was included as a control variable. 
The moderating effect of scholarship language was replicated for 
both college negative voting percentage (β = −0.23; P = 0.007; 95% CI, 
(−0.39, −0.06)) and college unanimous votes (OR = 15.42; P = 0.005; 95% 
CI, (2.28, 104.12)). Further analyses controlled for the core linguistic 
dictionaries from the LIWC program—tone, clout, authenticity and 
analytic language—and again replicated the results for college negative 
voting percentage (β = −0.23; P = 0.006; 95% CI, (−0.38, −0.07)) and 
college unanimous votes (OR = 15.39; P = 0.005; 95% CI, (2.30, 103.13)). 
The results for scholarship language are therefore consistent when 
controlling for other linguistic features of ERLs.

Discussion
The underrepresentation problem in academia is a multifaceted issue. 
Contributing factors to continued underrepresentation include differ-
ential treatment of URM faculty in grant funding50–52, topic selection6 
and the peer review process15,53. Using a multi-university sample, this 
paper found that on top of these contributing factors, URM faculty face 
barriers in the P&T process, receiving more negative votes and fewer 
unanimous positive decisions at the college level. Specifically, URM 
faculty in the sample received 7% more negative votes at the college 
level and were 44% less likely to receive a unanimous vote. Furthermore, 
the results show that these associations are most prominent at the 
intersection between race and gender. These results help explain the 
attrition in the representation of Black and Hispanic faculty from assis-
tant professor (14%) to associate professor (11%) and to full professor 
(8%), highlighting the key role that the P&T process plays in academia’s 
representation problem54.

We found that the representation problem appears to be at least 
partly related to a double standard in how URM and non-URM faculty 
are evaluated relative to their scholarly productivity. An interaction 
between URM status and h-index (a proxy for scholarly productivity) 
shows that differential treatment in voting outcomes is present for 
URM faculty with a below-average h-index (<15) but not for those with 
an average or above-average h-index. In other words, URM faculty are 
held to a higher standard than non-URM faculty in terms of scholarly 
productivity. This creates a difficulty for URM faculty because increas-
ing scholarly productivity is problematic given the challenges they face 
in obtaining grants55,56 and publishing their work57. Furthermore, this 
finding speaks to the broader discussion on whether racial disparities 
in academia are driven by disparate resources or biased evaluation58. 
This paper highlights that taking into account disparate resources (for 
example, grants), the evaluation of a P&T candidate’s scholarly produc-
tivity is still biased, on the basis of the race/ethnicity of the candidate. 
Although this does not rule out the existence and effect of disparate 
resources, it highlights the significance and distinct presence of biased 
evaluations even given comparable resources.

The double-standard finding also raises an intriguing question for 
future research: do URM faculty with an above-average h-index perform 
better than non-URM faculty with the same h-index? From Fig. 2 and 
Extended Data Fig. 1, the trend for URM women faculty would appear 
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to suggest so. This would be consistent with the stereotype literature, 
which finds that as the competence of an individual increases, the role 
of stereotypes in evaluating these individuals decreases59. However, 
given that there is more data on the low end of the h-index for URM 
faculty, more data would be needed to appropriately explore this 
hypothesis.

Our analyses also point to an avenue for addressing the challenge 
faced by URM women specifically. We found that URM women who 
had their scholarship emphasized in their ERLs received more positive 
voting outcomes. Furthermore, the interaction pattern showed that 
the presence of scholarship language in ERLs was uniquely related to 
benefits for URM women, while no such credible association existed for 
other faculty. This finding underlines the critical role that ERLs play in 
P&T decision-making processes34,47,60. However, instead of focusing on 
differences in how letter writers evaluated different candidates on the 
basis of their gender/race—which has been a major focus of research on 
external reviews60,61—this paper highlights how ERLs have the poten-
tial to mitigate the challenges faced by URM women by focusing on 
different aspects of a faculty member’s profile. Critically, outcomes 
were found to be beneficially associated with scholarship language in 
ERLs even when controlling for faculty productivity (that is, h-index 
and number of grants received as a principal investigator). Therefore, 
university policy encouraging letter writers to focus on scholarship 
for URM women faculty could close the gaps in the P&T process. This 
paper also provides empirical evidence for how scholars can develop 
anti-racist letter-writing guidelines that will be conducive to the pro-
motion of URM faculty25. However, before doing so, scholars should 
consider some critical questions. First, research needs to be conducted 
on whether letter writers are responsive to training or guidance (for 
example, structured ERL letters), and, if so, what the best techniques 

are. Assuming this is possible, there is also an important discussion to 
be had on whether ERL writers should adjust their content for URM 
faculty to be more like that for non-URM faculty, or vice versa.

An interesting result from this paper is that credible associations 
with URM status were seen only at the college level. A possible expla-
nation for this is that at the college level, the voters are more removed 

Table 4 | OLS and logistic regression results for the interaction effect of candidate URM status, woman candidate and 
candidate h-index on college-level voting outcomes

College negative vote percentage College unanimous vote

Variable Model 1 Model 2 Model 1 Model 2

β 95% CI P β 95% CI P OR 95% CI P OR 95% CI P

Woman URM 0.08 −0.305, 0.472 0.674 0.64 0.220, 1.836 0.403

Man URM −0.05 −0.344, 0.254 0.768 1.20 0.521, 2.754 0.672

Woman non-URM −0.06 −0.202, 0.084 0.419 0.94 0.624, 1.425 0.781

h-index −0.11** −0.182, −0.035 0.004 −0.08* −0.165, −0.004 0.041 1.52** 1.176, 1.958 0.001 1.39* 1.036, 1.855 0.028

Woman URM × 
h-index

−0.97** −1.547, −0.384 0.001 6.59* 1.370, 31.733 0.019

Man URM × h-index −0.05 −0.442, 0.347 0.814 3.23 0.961, 10.852 0.058

Woman non-URM × 
h-index

−0.06 −0.210, 0.081 0.384 1.11 0.708, 1.735 0.654

External grants −0.03 −0.105, 0.043 0.409 −0.03 −0.107, 0.040 0.369 1.09 0.910, 1.311 0.342 1.09 0.908, 1.315 0.347

STEM discipline 0.20 −0.138, 0.544 0.244 0.23 −0.110, 0.566 0.187 0.48 0.209, 1.102 0.083 0.42* 0.182, 0.991 0.048

Full professor 0.31*** 0.171, 0.453 <0.001 0.32*** 0.183, 0.465 <0.001 0.31*** 0.211, 0.471 <0.001 0.30*** 0.197, 0.449 <0.001

Tenure in rank 0.08* 0.015, 0.145 0.016 0.08** 0.020, 0.149 0.001 0.87 0.742, 1.027 0.101 0.85 0.725, 1.007 0.061

University ranking −0.07 −0.327, 0.196 0.624 −0.07 −0.334, 0.186 0.577 1.71 0.835, 3.519 0.142 1.62 0.780, 3.352 0.196

R2/Nagelkerke R2 0.07 0.09 0.20 0.22

F 1.91 2.09

N 997 989 997 989

For ‘College negative vote percentage’, OLS regression was used. For ‘College unanimous vote’, logistic regression was used. The key hypothesis test is indicated in bold. The statistical test 
is two-tailed. The interaction between woman candidate and candidate URM status was operationalized as a categorical variable with four groups (woman URM, man URM, woman non-URM 
and man non-URM) and is presented via k − 1 dummy variables in the output. The ‘h-index’ variable refers to the candidate’s h-index at the time of P&T. ‘External grants’ refers to the number of 
external grants awarded as principal investigator. ‘STEM discipline’ is coded 1 for candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. ‘Full professor’ is coded 
1 for candidates seeking promotion to full professor and 0 for candidates seeking promotion to associate professor. ‘Tenure in rank’ refers to the number of years a candidate has been in their 
present rank. ‘University ranking’ refers to the rank of the candidate’s university, according to the US News and World Report. Institution and CIP code were also used as controls but are not 
presented in the table due to the large number of parameters. *P < 0.05; **P < 0.01; ***P < 0.001.
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from the candidates, may never have met them and are less likely to be 
familiar with their research. Therefore, because college-level voters 
have less background information on the candidate, they may be more 
likely to rely on race-based perceptions when making their decision62.

Another interesting result from this paper is the relationship 
between URM status and the provost vote. We found that although 
there was no evidence of racial disparities in the provost vote, dispari-
ties in college-level voting were associated with a lower likelihood of 
receiving a positive promotion or tenure (that is, a positive provost 
vote). Furthermore, it is important to note that URM faculty receiving 
a higher proportion of negative votes at the college level probably 
impacts their careers beyond influencing the provost vote. First, given 

that faculty probably learn about the voting results through their 
network, receiving more negative votes may make URM faculty feel 
less supported by their university. Coupled with the fact that URM 
faculty already face epistemic exclusion in academia (the devaluation 
of scholarship that falls outside the domain of ‘mainstream’ research63), 
learning that a portion of one’s colleagues did not vote for your tenure 
or promotion is likely to lead to greater feelings of isolation and a 
lack of belonging. Second, even if they do not learn about the result 
of the vote, the other (senior) faculty members will know. Receiving 
more negative votes may therefore make other faculty members view 
URM faculty as less competent academics, potentially affecting the 
likelihood of seeking collaborative relationships or advocating for 
colleagues (for example, through award nominations and other sup-
portive behaviours).

This paper supports calls for reforms to the P&T process21,64. 
Despite the critical role that these decisions play in faculty careers 
and although some changes have been made at institutions included 
in this study, P&T policies remain largely unchanged from when they 
were first developed, in terms of how they aim to increase diversity64,65. 
However, while many have called for change, this paper provides 
empirical evidence that the current system disadvantages URM fac-
ulty. The paper highlights two mechanisms of the P&T process that 
are associated with the lack of diversity in tenured positions. The 
first is the role of scholarly productivity in P&T decisions. Scholars 
have long argued that an h-index is not an appropriate measure of 
research performance66,67. However, as shown in this paper, it plays 
a critical role in the differential treatment of URM faculty. Future 
reforms could consider a different metric for scholarly productivity. 
The second mechanism that was shown to be important is ERLs. In this 
paper, we highlight how letter writers who evaluate candidates can 
serve as a mechanism to mitigate the differential treatment of URM 
faculty. Reforms to the ERL process could make letter writers aware 
of the challenges faced by URM faculty—and particularly by URM 
women—and encourage them to adequately represent candidates’ 
scholarship in their evaluations.

The policy implications of this study can be built on through 
future research. One limitation of this paper is that we focused our 

Table 5 | Multilevel regression results for the interaction effect of candidate woman URM status and scholarship language 
on college-level voting outcomes

Variable

College negative vote percentage College unanimous vote

Model 1 Model 2 Model 1 Model 2

β 95% CI P β 95% CI P OR 95% CI P OR 95% CI P

Woman URM 0.13* 0.007, 0.160 0.039 0.22** 0.08, 0.62 0.004

Scholarship 0.02 −0.007, 0.051 0.143 0.03 −0.001, 0.059 0.060 0.81 0.62, 1.05 0.104 0.75* 0.58, 0.97 0.020

Woman URM × 
scholarship

−0.22** −0.385, 0.061 0.007 15.67** 2.33, 105.5 0.005

h-index −0.002** −0.003, −0.001 .002 −0.002** −0.004, −0.000 0.004 1.05** 1.02, 1.08 0.004 1.04** 1.01, 1.08 0.004

External grants −0.001 −0.003, 0.001 0.429 −0.001 −0.003, 0.001 0.471 1.01 0.98, 1.04 0.405 1.01 0.98, 1.04 0.441

STEM discipline 0.04 −0.044, 0.135 0.327 0.05 −0.042, 0.136 0.304 0.48 0.18, 1.26 0.135 0.45 0.17, 1.22 0.117

Full professor 0.08*** 0.043, 0.112 <0.001 0.08*** 0.042, 0.112 <0.001 0.28*** 0.18, 0.42 <0.001 0.28*** 0.18, 0.42 <0.001

Tenure in rank 0.004 −0.001, 0.009 0.184 0.004 −0.002, 0.009 0.199 0.96 0.91, 1.02 0.169 0.96 0.91, 1.02 0.190

University ranking 8.02 × 10−6 −0.000, 0.000 0.995 1.00 × 10−6 −0.000, 0.000 0.991 1.00 0.99, 1.00 0.194 1.00 0.99, 1.00 0.175

R2/Nagelkerke R2 0.08 80.0 0.12 0.13

For ‘College negative vote percentage’, multilevel regression was used. For ‘College unanimous vote’, multilevel logistic regression was used. The key hypothesis test is indicated in bold. 
The statistical test is two-tailed. For candidates, N = 935; for ERLs, N = 5,191. Due to a dependency between two independent variables (university ranking and institution), we omitted institution 
as a control variable. Note that the interaction term was significant if we omitted either variable. ‘Woman URM’ is coded 1 for candidates who are women and URMs (Black/African American 
or Hispanic) and 0 for candidates who did not classify as both women and URMs. ‘Scholarship’ refers to the score of scholarship language aggregated at the candidate level. The variable 
‘h-index’ refers to the candidate’s h-index at the time of P&T. ‘External grants’ refers to the number of external grants awarded as principal investigator. ‘STEM discipline’ is coded 1 for 
candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. ‘Full professor’ is coded 1 for candidates seeking promotion to full professor and 0 for candidates seeking 
promotion to associate professor. ‘Tenure in rank’ refers to the number of years a candidate has been in their present rank. CIP code was also used as a control but is not presented in the table 
due to the large number of parameters. *P < 0.05; **P < 0.01; ***P < 0.001.
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analyses on the P&T process, but the mechanisms we describe could 
play a larger role in academia. For example, there could also be a dou-
ble standard in how URM faculty research productivity is weighed in 
annual performance and merit evaluations that are tied to compen-
sation. Another limitation of this research is that we did not examine 
interventions to support URM faculty in the P&T process. The National 
Science Foundation has funded a variety of interventions to address 
gender bias in academia68,69, and future research should examine 
how such interventions could be adjusted to address the different 
outcomes experienced by URM candidates. The development of such 
interventions requires academics to establish why URM faculty who 
have below-average levels of scholarly productivity are judged more 
harshly in the P&T process.

A key limitation of this research is the external generalizability of 
the findings. While this project’s consortium approach uniquely dem-
onstrates that racial disparities in P&T decisions are probably prevalent 
across universities, the institutions are still all US based and primarily 
research intensive. Future research could examine how these rela-
tionships change when the consortium includes prestigious (top 50) 
institutions, teaching-focused institutions and community/two-year 
colleges. Similarly, researchers could determine the role that networks 
and greater access to academic labour (that is, funded post-doctoral 
and graduate students)—both of which have been shown to vary greatly 
across institutions70,71—play in exacerbating or mitigating racial dispari-
ties in P&T. Furthermore, future research can build on the exploratory 
finding (Supplementary Tables 4–7) that racial disparities are more 
evident at the promotion-to-associate-professor (with tenure) stage 
than at the promotion-to-full-professor stage.

The interdisciplinary nature of this dataset is both a strength 
and a limitation. On the one hand, demonstrating the generalizability 
of racial disparities across disciplines shows the universality of this 
problem, encouraging the entirety of the academic field to consider 
how these differences can be addressed. On the other hand, adopting 
a generalist approach means that this research was not able to examine 
the discipline-specific nuances that are driving these disparities. We 
therefore encourage future research to go beyond our general obser-
vation and look more closely at how racial disparities emerge and can 
be addressed in specific disciplines (for example, medical schools).

There are also limitations of the variables used as proxies in this 
study. For example, scholars have highlighted both the strengths and 
the weaknesses of the h-index as a proxy of scholarly productivity66,72,73. 
However, there is little doubt that it is one of the most influential met-
rics used in practice74–77. Furthermore, given our interest in how P&T 
decision makers perceive faculty productivity, we view the h-index as 
an appropriate operationalization of scholarly productivity. Equally, 
the measure of grant productivity used in this paper only captures the 
number of grants a P&T candidate has as a principal investigator. Part 
of the reason for using this information is that it was readily available 
to the team, and (unlike the h-index) there is no widely available metric 
for quantifying grants. Nevertheless, while the grant measure is simple, 
it is also worth noting that this is the information that was most readily 
available in the P&T portfolios and thus corresponds to what P&T deci-
sion makers had easy access to. This underlines the need for academics 
and universities to develop richer metrics for quantifying candidates’ 
ability to obtain grants, as this is an important skill for faculty.

Along with addressing this study’s limitations, future research 
can also extend the strengths of this paper. The data used in this paper 
included faculty P&T decisions for over 1,500 faculty members from 
across five universities. The size of this dataset allowed for analyses 
to examine questions related to intersectionality, which have seen 
less attention, partly due to a lack of statistical power. Furthermore, 
by collecting data from across a variety of universities, disciplines and 
departments, we can show that these results are generalizable. This 
demonstrates the value of creating a large multi-institutional dataset 
for investigating diversity issues in academia, and future research 

should consider further data collections at other universities to help 
grow this dataset.

To conclude, academia’s representation problem can be associ-
ated with differential treatment in the P&T process. On the basis of the 
raw numbers, URM faculty in this sample received 7% more negative 
votes and are 44% less likely to receive a unanimous vote at the college 
level of the P&T process. This is associated with a double standard in 
which URM faculty with below-average research metrics are judged 
particularly harshly, and—for URM women—this can be mitigated by 
ERLs emphasizing faculty members’ scholarship. These results show 
the current and substantially different treatment of URM faculty, mean-
ing that future efforts to improve diversity in academia will need to 
address these issues in the P&T process.

Methods
Sample
The present study used data gathered on P&T decisions for 1,571 P&T 
candidates across the years 2015–2022. The data were collected from 
five research-intensive institutions. These data were collected by the 
Center for Equity in Faculty Advancement, a consortium of ten univer-
sities that collected data on P&T decisions over a seven-year period. 
Three were not able to provide the appropriate data (that is, P&T voting 
outcomes) to be included in the analyses. Another two universities 
were not included in this study’s analyses due to the high proportion 
of URM faculty: both were Historically Black Colleges and Universities 
(HBCUs). Past research on the challenges faced by URMs in academia 
has focused on predominantly white schools, because such schools 
constitute the majority of higher education institutions and are more 
likely to have hostile environments for URM faculty78–81. We therefore 
did not include the two HBCUs in the analyses, as historically URMs are 
in fact not a minority within these institutions. Specifically, at these 
institutions the majority of faculty going up for P&T were Black and 
Hispanic (66%); in the five schools included, URM faculty make up 9% 
of the population.

The dataset includes decisions to promote faculty to associate 
professor with tenure and to full professor. Although associate profes-
sors with tenure (49%) and full professors (45%) made up the majority 
of decisions, there were two unique P&T decisions. First, there were 
faculty being considered for promotion to associate professor with-
out tenure (1%) and tenure without promotion (5%). Given that these 
decisions were a small minority, are “generally only considered under 
exceptional circumstances”82 and may not be associated with the same 
rewards (such as a pay increase83), we do not include these decisions in 
our analyses. The dataset also includes ERLs written for each candidate, 
with a total of 9,032 letters across all candidates. The language in these 
letters was analysed using LIWC software from Pennebaker et al.84.

Data collection, ethics and availability
This study was reviewed by the primary institution’s Institutional 
Review Board (IRB) and declared to be non-human-subjects research 
(STUDY00002463; MOD00003374). The data were de-identified at 
the candidate and university levels; for more detail, see the section 
below on data privacy. Access to the archival data was granted by each 
university’s Academic Affairs leadership. The IRB declaration from the 
primary university was then used to create IRB reliance agreements for 
the other partner institutions to agree to.

Data collection. Given the sensitivity of the data collected, a coding 
protocol was developed to ensure that faculty data would only be 
accessed locally and entered into individual spreadsheets at each insti-
tution exclusively by individuals who worked in the provost’s office, 
or the equivalent, and who typically had access to this confidential 
data as part of their routine job responsibilities. Personnel at each 
institution selected coders who already had access to P&T data and 
portfolios through their institutional role. Institutional data included 
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P&T processes, candidate characteristics (that is, faculty demograph-
ics, discipline, tenure at the university, the rank they were seeking 
promotion to and voting outcomes), ERL writer characteristics and 
ERL linguistic features. Our research team provided training on how 
to extract linguistic content from different file format versions of the 
ERLs using LIWC software from Pennebaker et al.84. However, to ensure 
the utmost data confidentiality, none of the principal investigators 
or investigators analysing the data had access to the raw review let-
ter files. The extracted LIWC data contained information about the 
percentage of words in a letter relevant to a given domain. Coding 
teams at each institution submitted LIWC variable data for each ERL 
entailed in a given candidate’s portfolio. We held weekly meetings 
with coders from each institution to clarify coding questions and 
ensure consistent coding practices across schools. Senior adminis-
trators who worked with our project cross-checked 2% of the cases 
for coding errors and refined coding practices in collaboration with 
the coders. None of the coders or administrators who cross-checked 
data were involved in the P&T decision-making processes at the 
respective institutions, nor did they attend P&T committee meetings  
or deliberations.

Completed coding sheets that were provided by institution-based 
coders were merged into the dataset by the research team. This data-
set initially included an identifier for each candidate that was used to 
scrape productivity data (that is, publication statistics, grants and 
patents) from Google Scholar profiles and Academic Analytics by 
our research team. The scraped information is stored in a database 
separate from the dataset used in the analysis. The scraping identifier 
was imported into the database, and each candidate was assigned a 
(randomized) candidate number. The primary identifiable data were 
then removed from the dataset.

Ensuring coding reliability. Given the confidentiality of the source 
data used in this paper, the number of individuals with access to 
this data was confined to administrative personnel (such as assis-
tant provosts and associate provosts) who already had data access. 
This, along with the high costs of coding each P&T portfolio, limits 
the opportunity to use multiple raters and traditional interrater reli-
ability measures. Therefore, to ensure the best possible coding reli-
ability, we developed processes to minimize coding errors. First, our 
team developed a set of videos with coding instructions for coders at 
each institution. Second, to keep coding protocols consistent across 
institutions, the project team held weekly group meetings with all 
of the coders to answer questions, verify they were correctly coding 
the information and share best practices for the coding. Third, the 
site principal investigator (a faculty member or senior administrator 
at each participating institution) independently recoded a random 
sample of cases to verify interrater reliability. Discrepancies identi-
fied through this process were minimal, suggesting that a full coding 
of the entire dataset by multiple individuals would have resulted in 
high interrater reliability estimates/coefficients. Fourth, to supple-
ment our manual checks for coding accuracy, a custom-developed 
automated checking tool was run to create a preflight report (a custom 
tool created by our team of data scientists) to point out obvious errors 
(for example, an incorrect number of variables in the coding sheet 
submitted, errors in the recorded candidate and letter writer codes 
based on an established coding scheme, and errors in recorded links to  
Google Scholar profiles).

Data privacy. Six steps have been taken to ensure the confidentiality 
of the P&T candidates and letter writers in the data made available 
through the Open Science Framework (OSF):

	1.	 No personal identifiable information for the candidates or let-
ter writers is included in the dataset.

	2.	 Institutions are dummy coded in the dataset.

	3.	 The US News ranking number was removed from the dataset.
	4.	 Candidate discipline is dummy coded such that researchers can 

distinguish between candidates from different disciplines but 
cannot identify which discipline they are in.

	5.	 Year codes for when the candidate went up to promotion/ten-
ure have been removed from the dataset.

	6.	 The h-index was standardized in the online dataset to increase 
anonymity by ensuring that individuals’ specific citation met-
rics could not be ascertained from the dataset.

Measures
Candidate URM status. Candidate demographics were recorded in 
candidates’ human resources profiles (or an equivalent) and shared 
with us by the institution. Our partner institutions based their records 
on self-reported data that the candidates provided (generally during 
the institution’s onboarding process), meaning that race/ethnicity 
was self-identified. A dummy variable was created indicating whether 
participants were from a URM (coded as ‘1’) or not (coded as ‘0’), using 
the definition from the National Science Foundation85. The low number 
of individuals identifying as Native American/Native Hawaiian (0.1%; 
N = 2) and other (1%; N = 16) makes it difficult to interpret the results 
for these ethnic groups; thus, they were not included in the analyses. 
Candidate URM status was therefore coded as ‘1’ for Black or Hispanic 
faculty and ‘0’ for white or Asian faculty.

Negative voting percentage. The dataset included voting decisions 
at various levels of the P&T process. This included voting at the depart-
ment level, college level and university level. All five institutions had 
voting at the department and college level. However, only two of the 
five universities (16% of candidates) had voting at the university level. 
Due to the small percentage of candidates whose P&T process involved 
university-level voting, university-level voting was excluded from analy-
sis. Voters could give a ‘yes’ vote, give a ‘no’ vote or abstain. ‘Negative 
voting percentage’ refers to the percentage of ‘no’ votes that a faculty 
member received at each voting level.

Unanimous votes. Another voting outcome variable that we computed 
was unanimous votes. A candidate was marked as having received a 
unanimous vote (1) if they received all ‘yes’ votes. If a candidate received 
any ‘no’ votes, their voting outcome was marked as a non-unanimous 
vote (0). Abstentions were not factored into the coding of this dummy 
variable.

h-index. Scholarly productivity was measured using the faculty mem-
ber’s h-index at the time of the P&T decision. Each faculty member’s 
h-index was retrieved from their publicly available Google Scholar and 
personal information found on their home university website.

Scholarship language. ERL language was analysed using LIWC soft-
ware from Pennebaker et al.84, which uses a word-count mechanism, 
calculating the percentage of words in a given text that reflect a lin-
guistic dictionary. For this study, we developed a new dictionary for 
the academic setting related to ‘scholarship’, which included terms 
such as ‘top journal’, ‘funding’, ‘citation’, ‘impact’ and ‘internal grant’ 
(see Appendix 1 for the full list of terms). The scholarship scores were 
aggregated at the candidate level. The average percentage of words 
related to scholarship in each ERL was 0.26%.

Control variables. Control variables included a variety of external 
factors that influence P&T decision-making. These variables were (1) 
institution (the universities—among the five universities represented—
at which the faculty member was employed), (2) discipline (faculty aca-
demic discipline determined using CIP codes86), (3) university ranking 
(according to the US News database), (4) rank (whether candidates were 
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seeking promotion to associate professor or full professor), (5) grants 
(the number of external grants for which faculty members were princi-
pal investigators), (6) STEM status using the Department of Homeland 
Security’s determinations of which disciplines are considered STEM 
(whether faculty were (1) or were not (0) in a STEM field; note that 
the results replicate without this control variable included (Supple-
mentary Tables 8–10)), (7) woman candidate (coded as ‘1’ for women 
and ‘0’ for men) and (8) tenure (the number of years a candidate has 
spent in their current position at their university). For analyses where 
the h-index was not hypothesized as a moderator, we included it as a  
control variable.

Analysis plan
The analyses used a variety of regression models for hypothesis tests. 
For analyses using negative vote percentage, a continuous dependent 
variable, OLS linear regression was used. For analyses using unanimous 
votes, a dichotomous dependent variable, logistic regression was used. 
For analyses using ERL linguistic content (for example, scholarship 
language), the ERL linguistic content scores were aggregated at the 
candidate level and then used as a moderator for regression analyses. 
All statistical tests in this manuscript are two-tailed. Formal tests of 
normality and homogeneity of variances were not conducted.

Analyses of the main effect of URM status on voting outcomes were 
conducted with and without controls. Using control variables helps 
rule out alternative explanations (for example, the disciplinary field 
of URM faculty). However, as numerous scholars have noted, there are 
also benefits to conducting models without control variables87–89. Given 
that this paper is seeking to empirically investigate racial disparities in 
the academic system as a whole, it is important that we examine the 
differences across the entire sample. This is because there is ample evi-
dence of URM faculty being discriminated against in various aspects of 
academia—for example, discipline choice6, ability to obtain grants52 and 
scholarly productivity15. Therefore, by controlling for each of these fac-
tors, we are assuming there is equal opportunity for URM and non-URM 
faculty (which there is not); thus, by including controls, the model is 
potentially underestimating the racial disparities in the entire academic 
system. Although the results of models both with and without controls 
converged, they do produce different effect sizes, so we decided to 
include both to provide a more nuanced representation of the results.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Due to the extreme sensitivity of the data, variables that could poten-
tially reveal the identity of the candidates or the institution were not 
made publicly available. Following this approach, one variable that 
was omitted from the publicly available dataset is the US News ranking, 
because individuals would be able to identify the institutions on the 
basis of their rankings, and we intend to keep these identities private. 
All other variables are available, and this subset of the data has been 
made available at OSF (https://tinyurl.com/URMCEFA).

Code availability
The code (run in RStudio, R4.1.0) for all analyses and a codebook for 
interpreting the data file are publicly available at OSF (https://tinyurl.
com/URMCEFA).
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Extended Data Fig. 1 | Interaction Between URM Status and Scholarly Productivity for College-Level Unanimous Votes (Logistic Regression). Note. The 
statistical test used for this figure is two-tailed.
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Extended Data Fig. 2 | Interaction Between URM/Woman Status and Scholarly Productivity in Predicting Unanimous Voting (Logistic Regression). Note. The 
statistical test used for this figure is two-tailed.
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Extended Data Fig. 3 | Interaction Between URM Woman and Scholarship Language for College-Level Unanimous Votes (Multilevel Logistic Regression). Note. 
The statistical test used for this figure is two-tailed.
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Extended Data Table 1 | Correlations and Descriptive Statistics

Note. N = 1571. Candidate URM status is coded 1 for candidates who are underrepresented minorities (Black/African American or Hispanic) and 0 for candidates who are White/Caucasian 
or Asian/Asian American. Woman candidate is coded 1 for women and 0 for men. External grants refers to the number of external grants awarded as principal investigator. STEM discipline 
is coded 1 for candidates from a STEM discipline and 0 for candidates from a non-STEM discipline. Full professor is coded 1 for candidates seeking promotion to full professor and 0 for 
candidates seeking promotion to associate professor. Tenure in rank refers to the number of years a candidate has been in their present rank. University ranking refers to the rank of the 
candidate’s university, according to the US News and World Report. Dep. refers to department level voting. Coll. refers to college level voting. Provost vote is coded 1 for a ‘yes’ vote from the 
Provost and 0 for a ‘no’ vote from the Provost. Scholarship language is aggregated at the candidate level. * p < 0.05; ** p < 0.01; *** p < 0.001.
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Extended Data Table 2 | Logistic Regression Results for Committee Voting Outcomes Predicting Provost Vote (Full Sample)
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Extended Data Table 3 | Indirect Effect of URM Status on Provost Vote Via College-Level Voting Outcomes (Full Sample)

Note. N = 1162. R2 (indirect effect via neg. vote %) = 0.75. R2 (indirect effect via unanimous vote) = 0.54. The key hypothesis test is indicated in bold. The statistical test is two-tailed. URM status 
is coded 1 for URM and 0 for non-URM. Woman candidate is coded 1 for women and 0 for men. External grants refers to the # of grants awarded as the PI. STEM discipline is coded 1 for a STEM 
discipline and 0 for a non-STEM discipline. Full professor is coded 1 for promotion to full and 0 for promotion to associate. Tenure in rank refers to the number of years a candidate has been in 
their current rank. University ranking refers to the rank of the candidate’s university. Institution and CIP Code were also used as controls. * p < 0.05; ** p < 0.01; *** p < 0.001.
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Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection No software was used.

Data analysis The Linguistic Inquiry Word Count Software (LIWC-22), was used to analyze the linguistic features of the external review letters. Analyses 
were ran using R version 4.1.0. The code is provided on our OSF page (https://tinyurl.com/URMCEFA).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

Due to the extreme sensitivity of the data, variables that could potentially reveal the identity of the candidates or the institution were not made publicly available. 
Following this approach, one variable that was omitted from the publicly available dataset is the US News ranking, because based on the ranking of the universities 
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individuals would be able to identify the identity of the institutions, which we intend to keep private. All other study variables are publicly available and the partial 
subset of the data has been made publicly available at OSF (.https://tinyurl.com/URMCEFA). 

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The archival dataset included men and women who went up for promotion and tenure. The gender breakdown for 
candidates is 65% men and 35% women. The gender breakdown for letter writers is 71% men and 29% women.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

The paper examines racial disparities in promotion and tenure outcomes for historically underrepresented minorities. Using 
the definition from the National Science Foundation, historically underrepresented minorities within academia include Blacks 
or African Americans, Hispanics or Latinos, and American Indians or Alaska Natives. The ethnicity breakdown for candidates is 
63% White, 26% Asian, 5% Hispanic, and 1% Other. The ethnicity breakdown for the letter writers is 82% White, 12% Asian, 
2% Hispanic, 3% Black, and 1% Other. Due to the low number of American Indians or Alaska Natives within the sample, these 
individuals were not included in analyses, instead focusing on Blacks or African Americans Hispanics or Latinos.

Population characteristics The population examined in this study is university faculty seeking promotion and tenure across five universities. For the 
reviewers only, we can share the state location of our institutions: Texas (2), Pennsylvania (1), Alabama (1), and Louisiana (1). 
We do not have data on the exact ages of the subjects (candidates). We have a range of years where candidates received 
their highest degree which ranges from 1974 to 2018. Given that we controlled and performed specific analyses at different 
promotion ranks, we will also document the average years in a candidate's present rank prior to their promotion process (M 
= 6.08, SD = 3.33).

Recruitment Universities provided data on all promotion and tenure cases over a seven year period.

Ethics oversight The study was reviewed by the primary institution's Institutional Review Board and declared to be non-human subjects 
research (STUDY00002463; MOD00003374). Each university's Academic Affairs leadership granted access to the archival data 
in accordance with the National Science Foundation policies. The IRB declaration from the primary unievrsity was then used 
to create IRB reliance agreements for the other partner institutions to agree to.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description This was a quantitative study using archival data on promotion and tenure decisions from across 5 universities.

Research sample The research goal of this paper is to examine racial disparities in promotion and tenure outcomes for historically underrepresented 
minorities, therefore, the population examined in this study is university faculty seeking promotion and tenure across five 
universities. [Gender and Racial Breakdown]. Given the historic underrepresentation of Blacks/African Americans and Hispanic/
Latinos in academia, the data is representative of the population.

Sampling strategy This study used a convenience sample, including data from universities on all promotion and tenure cases over a seven year period.

Data collection Given the sensitivity of this data, a coding protocol was developed to ensure that faculty data would only be accessed locally and 
entered into individual spreadsheets per institution exclusively by individuals who worked in the provost's office or the equivalent 
and who typically had access to this confidential data prior to this project due to their regular job responsibilities. Personnel at each 
institution selected coders who already had access to promotion and tenure data and portfolios through their institutional role. 
Institutional data included P&T processes, candidate characteristics (i.e., faculty demographics, discipline, tenure at the university, 
the rank they were seeking promotion to, and voting outcomes), external review letters (ERLs), writer characteristics, and ERL 
linguistic features. Our research team provided training on extracting linguistic content from PDF versions of the ERLs using 
Pennebaker et al.’s (57) Linguistic Inquiry and Word Count (LIWC) software. However, none of the principal investigators and 
investigators analyzing the data had access to the raw review letter files. The extracted LIWC data contained information about the 
percentage (%) of words in a letter relevant to a given domain. Coding teams at each institution submitted LIWC variable data for 
each ERL in a given candidate’s portfolio. We held biweekly meetings with coders at each institution to clarify coding questions and 
ensure consistent coding practices across schools. Senior administrators who worked with our project cross-checked 2% of the cases 
for coding errors and refined coding practices in collaboration with the coders. No coders or administrators who cross-checked data 
were involved in the P&T decision-making processes at the respective institutions, nor did they attend P&T committee meetings or 
deliberations.   
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The research team merged the completed coding sheets that institution-based coders provided into the dataset. This dataset initially 
included an identifier for each candidate used to scrape productivity data (i.e., publication statistics and patents) from Google Scholar 
profiles and Academic Analytics. The scraped information is stored in a database separate from the dataset used in the analysis. The 
scraping identifier was imported into the database, assigning each candidate a (randomized) candidate number. The primary 
identifiable data was then removed from the dataset.

Timing Archival data was collected over a seven year period (2015-2022) for five universities.

Data exclusions This data was collected by the Center for Equity in Faculty Advancement (CEFA), a consortium of ten universities who collected data 
on P&T decisions over a seven year period. A subset of the archival data available was analyzed, with exclusion criteria being applied.  
 
First, three universities were not able to provide the appropriate data (i.e., P&T voting outcomes) in order to be included in the 
analyses (N=241 excluded). A further two universities were not included in this study’s analyses due to the high proportion of URM 
faculty: note, both were Historically black college/universities (HBCUs). Past research on the challenges faced by URMs in academia 
has focused on predominantly white schools, for the reason that such schools are both more common and more likely to have hostile 
environments for URM faculty. Therefore, we decide not to include two (HBCUs) in the analyses as historically underrepresented 
minorities are in fact not a minority within these institutions, i.e., they are more inclusive (N=75 excluded). Specifically, at these 
institutions the majority of faculty going up for P&T were Black and Hispanic (66%); in the five schools included, URM faculty make up 
9% of the population. 
 
A second exclusion criteria focused on the rank participants were being promoted to. While associate professors with tenure (49%) 
and full professors (45%) made up the majority of decisions, there were two unique P&T decisions. First, there were faculty being 
considered for promotion to associate professor without tenure (1%) and tenure without promotion (5%). Given that these decisions 
were a small minority, are “generally only considered under exceptional circumstances” (45), and may not be associated with the 
same rewards, such as a pay increase (46), we do not include these decisions in analyses (N=95 excluded).

Non-participation The data is archival. Therefore, there were no participants.

Randomization The data was archival so no randomization was used.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging
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