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Introduction

Over the last thirty years, social scientists have consistently found that bias pervades and 
shapes faculty hiring decisions. Although multiple methods have been used, some of the 
most consistent and compelling evidence has come from experimental studies (e.g., Beattie 
et al., 2013; Eaton et al., 2020; Moss-Racusin et al., 2012; Sheltzer & Smith, 2014; Stein-
preis et al., 1999). For example, Eaton and colleagues (2020) found that when faculty mem-
bers reviewed curricula vitae (CVs), they viewed men, white, and Asian candidates as more 
competent and hireable compared to women, Black, and Latinx candidates with the same 
qualifications. Yet a few recent studies show evidence of no bias and/or slight bias towards 
women candidates (Bernstein et al., 2022; Williams & Ceci, 2015). These conflicting find-
ings are interesting, and we return to them later in the manuscript; overall, a significant num-
ber of colleges and universities have responded by developing inclusive hiring guidelines 
and implementing inclusive hiring practices, such as rubrics, equity charges, and structured 
interviews (Culpepper et al., 2023; Liera, 2020; O’Meara et al., 2020).
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Interestingly, workshops to increase awareness of implicit bias cite the experimental 
studies we cite above, but there are key limitations to this research. The first is that in many 
of them (e.g., Eaton et al., 2020; Steinpreis et al., 1999), evaluators were sent a single CV to 
review. Though the number of applicants often differs by discipline, rank, institutional type, 
and geographic region, virtually all search committees review multiple CVs. Why might 
this difference between experimental studies and the naturalistic hiring setting be impor-
tant? Some research shows that evaluation bias can be reduced when reviewers change how 
they approach candidate review, such as looking at files side-by-side, compared to scenarios 
wherein applicants are reviewed one at a time (Bohnet et al., 2016). Additionally, the time 
it takes to review multiple files may increase the prevalence of bias if raters feel rushed to 
complete review (Kahneman, 2011). The diversity of the candidate pool may also matter. 
For example, one study showed that when there are multiple candidates from historically 
marginalized groups in a candidate pool, the chances of hiring a minoritized candidate are 
enhanced beyond mere probability (Johnson et al., 2016). As such, empirically examining 
how bias manifests when evaluators have a pool of applicants, who vary in terms of race/
gender and qualification, is needed.

Additionally, how evaluators indicate their preference for candidates may shape hiring 
decisions and this has not been studied in most experimental design studies. For example, 
in real searches, committees are typically asked by hiring officials to do one of two things at 
the end of a search: rate candidates and submit a few names of candidates who are qualified 
and “hireable” or rank a group of candidates and submit a ranked list (Fine & Handelsman, 
2012). In real faculty searches, the process of ranking or identifying several candidates who 
are hireable (i.e., meet the hiring threshold) could interact with social biases and impact hir-
ing outcomes. We assert each of these naturally occurring hiring contexts likely shape hir-
ing outcomes. Further research is needed to examine the presence of social biases in hiring 
settings wherein evaluators examine a larger set of CVs, with different perceived identities 
and qualifications.

We address this gap using data from a self-designed and validated experimental sur-
vey of 315 mechanical engineering faculty members. To further understand the presence 
of either positive or negative biases by gender, race and the intersection of gender/race, we 
created CVs in two “bands” of candidates - those with average publication productivity 
and those with excellent publication productivity. We signaled candidate identity (gender/
race), asked participants why they evaluated candidates as they did, and explored the factors 
most influential in their decision-making when reviewing ten CVs for a faculty position. 
We also collected the demographic information and expertise of participants to examine 
whether participant identities contribute toward decision outcomes. The research question 
that directed this work was: Were engineering faculty members’ hiring-related decisions 
shaped by any of the following factors?

a.	 Candidate characteristics (gender identity, racial identity, and publication record)
b.	 Selection conditions (threshold list or ranked list)
c.	 Evaluator demographic factors (race, gender, and disciplinary expertise)

Our research makes several important contributions to the literature. First, it expands the 
research on implicit biases in faculty hiring using a within-subjects design, which replicates 
more closely the natural setting of hiring decisions (i.e., side by side comparisons of a 
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candidate pool). Second, we explore whether ranking candidates or identifying a group of 
candidates who meet a threshold matters to decision outcomes. The answer to this question 
has important implications for higher education institutions advising search committees on 
equitable practices. Third, our study was conducted during a time when there have been 
significant efforts toward racial justice and increased focus on diversifying the faculty. This 
allowed us to explore whether, all candidates being equal, and/or in cases with publication 
productivity being different, there was a preference for candidates of perceived identities. 
Finally, we considered whether aspects of evaluator identity and expertise impacts decision 
outcomes.

Conceptual Framework

This study was guided by theory and literature on cognitive and social bias from behavioral 
economics and decision-making science. Because much of the literature on faculty hiring is 
rooted in the conceptual understanding of cognitive and social biases, we first discuss our 
conceptual framework and then review the literature on how bias impacts decision-making.

Bias is defined as systematic and patterned ways of automatic thinking or behaving (Gre-
enwald & Lai, 2020; Kahneman, 2011). Studies show that as humans, we often use short-
cuts, or heuristics to make our everyday decision-making easier (Kahneman, 2011). While 
these short-cuts may be functional in some cases (e.g., helping us navigate social interac-
tions; Norris & Epstein, 2011), they often cause us to make irrational and sub-optimal deci-
sions (Greenwald & Lai, 2020; Milkman, 2021). Researchers have documented hundreds of 
different biases and heuristics that can influence our decisions in areas like health, financial 
wealth, environmental and civic engagement, and education (Kahneman, 2011; Milkman, 
2021; Thaler & Sunstein, 2008). Some are cognitive such as confirmation bias that lead us to 
look and overvalue information that confirms our preexisting schemas, or social biases such 
as favoring a man for a lab position due to implicit associations between men and STEM.

Certain conditions exacerbate bias, and many of these conditions are present in faculty 
hiring (Moody, 2012; O’Meara et al., 2020). For instance, when decision-makers are rushed, 
tired, stressed, or lack complete information, bias is more likely to take over (Kahneman, 
2011; Milkman, 2021; Thaler & Sunstein, 2008). In faculty hiring, search committees often 
evaluate hundreds of applications and make decisions based on a rather limited set of infor-
mation (e.g., a CV and a cover letter), meaning that they may rely on their biases to make 
the decision-making process easier. Humans are also conservative in their decision-making: 
we are risk- and loss-averse, prefer the status quo, and place a high value on things we create 
ourselves (Kahneman, 2011; Milkman, 2021). Committees and hiring officials tend to view 
faculty hiring as a “high stakes” decision and therefore may go with candidates thought to 
be safer or known entities, which may also reproduce inequities (O’Meara et al., 2023). All 
said, there is substantial reason to believe that faculty hiring would be a context wherein 
multiple kinds of biases could manifest.

Recognizing the ubiquity of bias, researchers, policymakers, and other decision-makers 
have attempted to identify likely biases that emerge and constrain high quality decision-
making, and then offer ways to change the context around those choices to make it less 
likely that bias negatively impacts decisions (Castleman & Page, 2014; Field, 2015; Thaler 
& Sunstein, 2008). The context surrounding decisions is known as “choice architecture” 
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(Thaler & Sunstein, 2008). Experimental and quasi-experimental studies show that small 
changes in context, such as altering how information is presented or framed, providing 
reminders about upcoming deadlines, or automatically opting someone into a policy, can 
reduce bias (Damgaard & Nielsen, 2018; Milkman, 2021; O’Meara et al., 2022; Thaler & 
Sunstein, 2008).

We wanted to test two important kinds of choice architecture. The first one is embedded 
in the very design of our study. Most of the previous experimental faculty hiring studies had 
participants rate only one CV. Although gender and race were signaled, each participant 
only reviewed a CV with one signaled identity. Yet social scientists working to improve 
equity in hiring have found that comparative evaluation, where candidates are reviewed 
in batches, can significantly reduce bias in faculty hiring (Bohnet, 2016). For example, 
Bohnet, van Geen & Bazerman (2016) found in one experiment that, “when evaluators 
looked at candidate profiles individually, men were more likely to be hired for the math task 
and women for the verbal task, including those who had performed below par. Our interven-
tion, where evaluators were exposed to more than one candidate, was able to overcome ste-
reotypical assessments. Comparative evaluation focused evaluators’ attention on individual 
performance, instead of group stereotypes. When candidates were evaluated comparatively, 
not only did the gender gap vanish completely, but basically all evaluators now chose the 
top performer.” (p. 127).

In this study, we wanted to understand how different contexts – perceived identity and 
qualifications of candidates; evaluator demographics and disciplinary expertise; and ranking 
versus threshold conditions – shaped hiring outcomes. We were also interested in whether 
bias against women and racially minoritized candidates would emerge as strong as it had 
before in prior studies if multiple CVs were analyzed. Our goal was to better understand 
how these hiring contexts could be altered such that bias is reduced and hiring decisions are 
more effective and inclusive.

Literature Review

As we sought to apply the vast literature on decision-making bias to faculty hiring, we were 
informed by several bodies of research. Prior research shows how implicit biases regard-
ing race, gender, and their various intersections have shaped evaluations. There is also 
research explaining why ranking or rating candidates as above or below a hiring threshold 
might shape outcomes. Finally, we drew on research on the role of disciplinary expertise in 
decision-making.

Gender and Racial Biases in Hiring

Whether and how evaluators know a candidate’s identity when making decisions is incon-
sistent, complicated, and varies across stages of the hiring process. On the one hand, equal 
employment laws and regulations prohibit evaluators from making hiring decisions1 based 
on a candidate’s race and gender. For this reason, search committees review candidate files 
without formal information on candidate identities. On the other hand, some candidates are 
known by evaluators through networks and professional relationships in their field. Some 

1 https://www.eeoc.gov/prohibited-employment-policiespractices.
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candidates signal their identities in application materials. Evaluators may also assume iden-
tities based on candidate names widely associated with a particular gender and/or racial 
group. Indeed, studies show that when not known, faculty evaluators try to ascertain a can-
didate’s race and gender and that their perceptions of a candidate’s identity shape deci-
sion-making (Eaton et al., 2020; Liera, 2020; Rivera, 2017; White-Lewis, 2020). Race and 
gender play a role when candidates are considered equally qualified (White-Lewis, 2019) 
and when candidates excel in different areas (Liera, 2020). The effects of cognitive and 
social biases also play out in an intersectional way, advantaging, for example, white women 
and disadvantaging women of color (Eaton et al., 2020).

Moreover, evaluators’ perceptions of what makes a candidate qualified may also be 
biased. For example, if an evaluator unconsciously associates publication productivity with 
a white and or male sounding name and then finds a white and male candidate with excel-
lent publications, they may be exhibiting a confirmation bias wherein they were looking for 
something and found it (Kahneman, 2011). Alternatively, an evaluator may assume that a 
candidate of color and/or a white woman would not have these qualifications and therefore 
may not have recognized when candidates from these groups possess excellent publications. 
As such, we would expect that bias may look different for candidates that have excellent 
versus average qualifications, and that this would vary at the intersection of qualifications 
and identity factors.

We also know that the concepts of racism and sexism change over time in society and 
may operate differently than has been shown in past studies (Bonilla-Silva, 2006). For 
instance, although higher education institutions have moved away from anti-nepotism poli-
cies that tended to disadvantage women faculty members who were married to academic 
men (Shoben, 1997), women in dual-career academic couples still encounter significant 
gender bias (Culpepper, 2021). In the current climate, with the increased emphasis toward 
hiring a diverse faculty at many institutions, it is possible that bias in favor of marginalized 
groups could be at play in hiring, even if structural biases are still present. Yet, many if not 
all the faculty hiring studies on bias (e.g., Eaton et al., 2020; Steinpreis et al., 1999) were 
conducted prior to higher education’s most recent reckoning with systemic racism (Perez, 
2022). As a result, we were interested in examining intersectional identities across multiple 
CVs in this study.

The kinds of racial and gender biases we have been discussing to this point might be con-
sidered, “differential treatment” which is one of at least two ways in which candidates might 
be harmed. Cheryan and Marcus (2020) observe that differential treatment takes place when 
two candidates of similar qualifications are treated differently only because of their gender, 
race or other characteristic. However, there are of course other ways in which inequitable 
hiring processes occur. Cheryan and Marcus observe that sometimes the issue is not differ-
ential treatment but that the characteristics most important for the job are more likely to be 
associated with a particular group (a default characteristic). So, for example, the formal job 
criteria might preference excellent scholarship and doctoral training. Committee members 
associate Ivy League institutions with these criteria. Racially minoritized candidates are less 
represented in those institutions. In this way, the committee may employ seemingly neutral 
criteria that in fact reinforces a racist system (Ray, 2019).
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Ranking versus Rating

In addition to our interest in asking evaluators to review a group of candidates of different 
qualifications and perceived identities, we were also motivated to understand whether rank-
ing them or recommending a threshold list of candidates for hiring magnified or mitigated 
bias. There are reasons to believe what happens as search committees create a short-list and 
narrow their final candidates down at the end is important for hiring outcomes. At some 
universities, equity procedures and/or the preferences of the hiring official require that the 
search committee rank (e.g., first preference, second preference, etc.) their finalists as they 
submit them for hire (Fine & Handelsman, 2012). In others, committees provide a list of 
candidates they consider “hireable” (Candidate A and Candidate C are equally hireable) 
(Fine & Handelsman, 2012). In the latter situation, the search committee understands that 
if they leave a candidate off the list, that candidate will not be hired, whereas in the former, 
if the committee indicates a candidate as a third or fourth choice, there is still a chance that 
candidate could be hired.

In either situation, there are different stakes and a different choice architecture surround-
ing the decision (Kahneman, 2011; Thaler & Sunstein, 2008). In the threshold context, fac-
ulty members are being nudged to say a group of candidates are relatively equally qualified. 
When ranking, faculty evaluators are asked to put individuals in order, ostensibly in order 
of their qualifications. Although the evaluator would guess that those placed at the bottom 
of a ranked list would not be hired, it is unclear where the line would be drawn. That is, a 
hiring official may move down the ranked list to the third or fourth choice before finalizing a 
candidate. As such, the two decisions evoke different levels of risk-taking for the committee. 
In the first situation, the committee infers risk by leaving their specific preferences hidden: 
the risk is that the hiring official might select a candidate who they did not want as much 
as another. In the second situation, the risk is that the third or fourth ranked candidate is 
viewed as less qualified and might therefore encounter greater resistance in the department 
once hired. Thus, we sought to understand if employing one of these strategies was more 
associated with bias than the other.

Evaluator Demographics and Disciplinary Expertise

Finally, we were interested in whether the demographic characteristics of the evaluators 
would impact their evaluations of both competitiveness and ultimate selection. Studies of 
implicit bias typically show that cultural and social norms lead all humans – across race, 
gender, level of education, and other aspects of identity to have somewhat similar biases 
(Banaji & Greenwald, 2013). For instance, studies of bias in faculty hiring and letters of 
recommendation showed that both men and women evaluators demonstrate gender bias 
(Madera et al., 2019; Steinpreis et al., 1999).

In academe, studies show that disciplinary and field background is another salient iden-
tity that may shape bias (Posselt et al., 2020). Disciplinary and field background is important 
for two reasons. First, fields are differentiated by varying levels of progress toward racial 
equity in faculty selection. Some fields like education have greater levels of racial and gen-
der diversity across multiple subfields, whereas some fields like psychology and biology 
have growing levels of diversity but is higher in some subfields than others (e.g., diversity 
being higher in social psychology versus clinical psychology). We were interested in the 
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field of mechanical engineering because it presented an interesting case: diversity has been 
discussed at length in professional settings and conferences (Matthews, 2020), but progress 
has been slow, especially in robotics where both racial and gender diversity has been stag-
nant (Patrida, 2022). The compositional diversity of mechanical engineering and robotics 
makes it like other STEM areas with stated commitments to equity and inclusion, but low 
compositional diversity. Secondly, the selection of a subfield (i.e., robotics) stems from the 
reality that most faculty searches will have evaluators whose primary expertise matches 
that of candidates, and those who are “one step or more” to the side, meaning in a related 
but secondary field. For instance, a clinical psychologist may serve as an “outside member” 
on a search committee for a social psychologist. Additionally in the departmental vote, all 
departmental faculty that represent a range of academic subfields contribute to the decision 
of whether or not to hire a candidate in the final round.

We see two potential ways that a faculty member’s disciplinary background might shape 
their evaluation of a candidate. On the one hand, ambiguity can invite noise and guessing, 
as well as implicit biases to emerge (Kahneman, 2011). Outside members’ lack of subfield 
knowledge may increase the ambiguity of their assessment and make them more prone to 
short-cuts and social biases in evaluating candidates. Alternatively, subject matter experts 
can become overconfident in their evaluation of material with which they are most famil-
iar and be more prone to biases (Moore & Schatz, 2017) which causes them to overlook 
important contexts and information in their assessments. Knowing the field well may also 
make a faculty member more likely to evaluate candidates by relying on different factors 
(e.g., publications or postdoctoral experience) than those with less subject matter expertise, 
which could shape hiring outcomes. In other words, being a subject matter expert or from 
a secondary field may make faculty members pay more or less attention to content (e.g., 
publication number or quality) in their evaluation, and therefore more or less prone to rely 
on biases. Given outside members of search committees are also often added to increase 
the diversity of the committee, we were interested in identifying any interactions between 
primary and secondary field reviewers, hiring outcomes, and biases.

Methodology

We employed a within-subjects, convergent mixed methods experimental survey design 
(Creswell & Plano Clark, 2018) to understand how, if at all, candidate characteristics, selec-
tion conditions, and evaluator characteristics impact hiring outcomes. In our experimental 
survey, participants responded to Likert scales and qualitative text entry boxes to evaluate 
the competitiveness of ten fictitious candidate CVs that differed in their gender identity, 
racial identity, and publication record. After rating each candidate’s competitiveness, par-
ticipants were assigned to one of two initial conditions: a ranking condition to rank the 
candidates from most competitive to least competitive, or a threshold condition to send 
three CVs to the hiring official for top consideration. Both conditions had the option to 
input comments. Participants were then exposed to the alternate condition to ensure internal 
consistency between conditions. After completing the survey, participants provided optional 
demographic information such as their race, gender, and subfield specialization.

We designed our survey as a multiple method instrument to collect both quantitative 
and qualitative data. We conducted a concurrent mixed method design, and more specifi-
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cally, the questionnaire variant (Creswell & Plano Clark, 2018). This style of concurrent 
design is when researchers use “both open- and closed-ended questions on a questionnaire 
and the results from the open-ended questions are used to confirm or validate the results 
from the closed-ended questions.” (Creswell & Plano Clark, 2018, p. 73). Though this does 
not provide as rich of data as other types of qualitative methods (e.g., interviews), this 
method was still the most appropriate means of collecting participant’s immediate evalua-
tions. Moreover, our approach satisfies necessary hallmarks and conditions of convergent 
mixed methods designs, such as independent streams of data collection and analysis, the 
merging process, and combined interpretation. Using both forms of data in this way also 
more closely replicates actual hiring procedures: evaluators typically rate candidates based 
on a reading of their CVs, and then justify those ratings in search committee deliberations. 
In what follows, we describe the steps that went into designing each CV, the survey instru-
ment, and the validation and administration of the survey instrument. We then describe our 
analyzing process, which involved first analyzing the quantitative data, then analyzing the 
qualitative data, then merging datasets, and interpreting the convergence and divergence of 
the data.

Curricula Vitae (CV) Creation

Prior to CV creation, we designated mechanical engineering as our primary discipline, and 
robotics as our primary subfield. Given that there are differing expectations for research, 
teaching, and service across fields and subfields (Posselt et al., 2020), we wanted a specific 
subfield to stabilize CV expectations. Next, in line with previous scholarship (e.g., Eaton et 
al., 2020; Moss-Racusin et al., 2012), we manipulated the perceived identities of each CV 
by using two different data sources. For first names, we used data from mortgage applica-
tions as guided by Tzioumis (2018). We used this database to identify popular recurring 
first names by race and gender since the U.S. Census only systematically collects data on 
last names. Thus, U.S. Census data was appropriate for identifying popular recurring sur-
names by race and gender. Using both datasets, we created fictitious names that represented 
four different profiles: Black women, Black men, white women, and white men. The intent 
herein was to identify if candidates with names that signaled varying identities but had 
similar qualifications would be evaluated differently. At the same time, we did not want 
to signal to participants that diversity was a key focus of our study, and we wanted the ten 
CVs to mirror the demographics of robotics faculty. Therefore, we included two additional 
white men to signal a gender and race balance that was closer to the current demographics 
of robotics to reduce assumptions regarding the intent of our study.

To create the components of each CV, we collected 20 CVs from real postdoctoral schol-
ars and early-career faculty in robotics. We replicated content from these CVs to create 
authentic accolades that would be recognized by mechanical engineers. Since we chiefly 
wanted to manipulate publication records to understand bias or lack thereof (e.g., a male 
candidate being rated as more competitive than a woman candidate despite fewer publica-
tions), we used the real CVs to determine an aggregate “competitive” count that would be 
typical at the point of hiring an assistant professor. We manipulated publication record as 
our primary qualification for two reasons. First, number of publications is a very common 
concern for hiring in research universities; it would be rare for a tenure track search to not 
consider this, as well as authorship and journal quality. Second, we wanted to test publica-
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tion productivity because there are equity concerns in using number of publications in hiring 
decisions. Prior research shows that access to prestigious institutions, networks, and awards 
constrains levels of productivity for minoritized scholars (e.g., Bendels et al., 2018; Lubien-
ski, et al., 2018; Mendoza-Denton et al., 2017). Each profile (e.g., Black men, white women) 
had a CV with a “high productivity” count of ten publications, or a “low productivity” count 
of six publications, for a total of ten CVs. We also controlled for the number of first authored 
publications, and the journal quality by aggregating journal impact factor and ensuring each 
CV had stable aggregate scores in this area.

Other qualifications (e.g., educational background, appointments, awards, and teaching) 
were held constant across CVs. However, because this was a within-subjects experimental 
design wherein all participants read all CVs - as opposed to prior studies in which each par-
ticipant only read one CV - this meant that the CVs could not have identical characteristics. 
To imitate hiring decisions in a more naturalistic setting, each candidate needed to have dif-
ferent publications, graduate from different institutions, receive different awards, and vary 
somewhat in courses taught. For items such as educational background, we used university 
rankings to create bands of similarly prestigious institutions and departments that would be 
considered on par with each other. For areas such as awards or publication titles where no 
such numerical ranking exists, we used a validation strategy from prior studies to ensure 
internal consistency of CV criteria (e.g., Eaton et al., 2020; Moss-Racusin et al., 2012). 
We used subject matter experts (SMEs) to provide feedback on whether backgrounds and 
experiences were comparable. We used 12 subject matter experts in an iterative three-wave 
process. That is, four SMEs reviewed the 10 CVs and identified credentials that seemed 
better or worse than the average intended in each band of candidates. We revised the CVs 
to equalize and sent them CVs to a second group of four different SMEs. These SME’s 
reviewed and made minor recommendations for revisions (e.g. tweaking a paper title to 
be more realistic or description of an award). We then sent revised CVs to a final group of 
four SMEs in a third wave of validation. These 4 new subject matter experts confirmed that 
indeed we had achieved comparable qualifications across the CVs in the areas that were held 
constant and within the two productivity bands.

Survey Instrument Creation

All ten CVs were imputed into Qualtrics, an online platform to create and disseminate 
surveys. At the onset of the survey, participants were provided the following introductory 
prompt: “Please review 10 CVs of postdoctoral associates applying for a tenure-track assis-
tant professor position at a research university…Please rate the CVs as if you were making 
actual hiring decisions.” Participants evaluated all ten CVs in randomized order by rating the 
competitiveness for each along a 5-point Likert-scale, ranging from “not at all competitive,” 
to “most competitive.” They were also provided an option to comment on their scoring in a 
text entry box. After CV review, participants rated the relative importance of categories such 
as educational background and teaching experience as either “not important,” “somewhat 
important,” or “very important,” and were provided an optional qualitative comment box to 
contextualize their responses. Participants were then randomly assigned to either a control 
condition of ranking all ten candidates, or the treatment condition of creating a threshold 
list by providing “1–3 names to the Dean for final hiring consideration,” and then were 
exposed to the alternate condition after completing the primary condition. At the end of the 
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survey, participants were given the option to specify their race, gender, and subfield (e.g., 
thermodynamics, robotics).

Administration and Sample

To identify a list of mechanical engineering faculty for dissemination, we began by selecting 
a range of universities within the U.S. News and World Report top mechanical engineering 
graduate programs. We selected schools that were considered “high research activity” or 
“very high research activity,” according to the Carnegie classification system. Once identi-
fied, we used web scraping techniques to comb through each institution’s mechanical engi-
neering program faculty, and selected tenure-track faculty for solicitation. We emailed each 
faculty member with an offer to participate in the survey without mentioning that the CVs 
were of fictitious candidates. Our strategy, like many other studies before, was not to exten-
sively divert participants, but rather avoid blatantly sharing the multiple purposes of the 
study. Participants took the survey online on their own devices and received a $50 Amazon 
gift card after completion.

Between December 2020 and August 2021, we contacted 1,654 tenure-track faculty at 59 
U.S. research universities. 320 faculty fully completed the survey - a 19.3% response rate. 
In terms of racial and ethnic diversity, 17.5% of participants identified as either “American 
Indian or Alaskan Native,” “Black or African American,” “Hispanic, Latinx, or of Spanish 
origin,” “Middle Eastern or North African,” “Native Hawaiian or Other Pacific Islander,” 
or “Multiracial,” with the remaining 49.5% identifying as “White,” and “31.4% identify-
ing as “Asian or Asian American.” For gender, 17.5% of participants identified as women, 
69.8% identified as men, 1% as non-binary, and 4.6% chose not to disclose. Finally, 21.5% 
of participants identified themselves as conducting research in robotics or related subfields 
that would designate them as subfield specialists for the purposes of our analyses. Five par-
ticipants were excluded from analyses due to written comments that indicated they did not 
take the survey earnestly, bringing the final analytic sample to 315. We conducted a series 
of power analyses for each of our planned analyses, specifying a medium effect size and .80 
power. We found that required total sample sizes ranged from 34 to 263, depending on the 
type of analysis (e.g., independent or paired, Z test or t test). Importantly, we are adequately 
powered with our sample size of 315.

Quantitative Measures and Variables

In this study, participants were asked to evaluate the candidate CVs via three quantitative 
outcome measures. First, they rated the perceived competitiveness of each candidate, rang-
ing from 1 (not at all competitive), to 5 (most competitive). Half of the participants were 
first exposed to the ranking condition in which they first ranked all ten candidates on the 
basis of who they would most (ranking = 1) to least (ranking = 10) recommend for selection. 
The other half of the participants were exposed to the threshold condition first, in which they 
chose three candidates who they would move forward to the final round, which we coded as 
a binary variable (0 = Not Top Three; 1 = Top Three).

We also collected data on two participant characteristics and used those as independent 
variables: gender (0 = woman, 1 = man), and specialization, where 0 equated to not belong-
ing to the field or robotics or a related subfield, and 1 signaled that they identified their 
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scholarship as within the field of robotics or a similar subfield (i.e., control and/or biome-
chanics) that would designate them as subfield experts. We also gathered information on 
whether the participant was randomly assigned to the ranking condition first (Order = 0), or 
threshold condition (Order = 1).

Quantitative Analyses

Once we identified our predictor and outcome variables, we conducted several different tests 
to answer our research questions. To understand how participants rated competitiveness, we 
conducted a paired-samples t-test to compare mean competitiveness ratings between all 
candidates. In order to identify how evaluator characteristics such as gender and subfield 
expertise shaped assessments, we used a series of Mann-Whitney U tests, Z tests, and inde-
pendent samples t-tests to compare independent assessments. In regard to our last research 
question, we used two different statistical tests. For the ranking condition, we conducted a 
series of Wilcoxon Signed-Rank tests, a type of nonparametric test that is more appropriate 
than traditional parametric comparison tests (e.g., paired samples t-tests) when comparing 
ranked and ordinal data (Aron & Aron, 1999). For the threshold condition, we compared 
the proportion of positive responses (i.e., chosen as a top three finalist versus not) for each 
candidate CV using McNemar’s test for comparing paired proportions (Adedokun & Bur-
gess, 2012). To understand the differences between both conditions, we looked across both 
tests and located similarities and differences in the relative standing of candidates across 
both conditions.

Qualitative Analysis

After conducting quantitative analyses, we moved toward the qualitative portion of our 
study to reach greater depth and explanation of our survey data. We used directed content 
analysis to analyze participants’ text-based responses (Hsieh & Shannon, 2005). Directed 
content analysis derives from content analysis, which is a method to analyze text-based 
data through a systematic classification process of coding and identifying patterns. Whereas 
conventional content analysis uses inductive reasoning to generate categories sans prior 
knowledge, directed content analysis is heavily influenced by existing literature, theory, and 
prior research to form codes and identify patterns in textual data (Hsieh & Shannon, 2005). 
As was the case in our study, we were aware of the prior studies in this area and leveraged 
our quantitative findings to generate a priori codes such as “importance of publications,” 
and “weight assigned to perceived identity as a criterion.” But we also developed new codes 
as well when text segments did not fit neatly into pre-prescribed categories. Throughout the 
coding process we used structural coding to organize codes by research question, and mag-
nitude coding to determine the magnitude or prevalence of codes in these domains (Saldaña, 
2016). These deductive procedures brought the qualitative data closer to the quantitative 
data to answer our research questions.

Mixed Methods Integration

Mixed methods designs require explicit integration of quantitative and qualitative data to 
achieve a more nuanced understanding of the phenomena that neither can convey sepa-
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rately. That is, there is unique explanatory power from each method, and shared explana-
tory power once brought together. To reach such an understanding, data must be brought 
together through an integration process (Creswell & Plano Clark, 2018). The first point 
of integration was through making joint display tables to identify how certain qualitative 
trends (e.g., considering one’s own identity in justifying an evaluation) varied by evaluator 
demographics – one of our research questions. Examining both qualitative and quantitative 
data simultaneously in this way provides more explanatory power, and makes the additional 
contribution of showcasing convergent, rather than divergent, rationales. Another way in 
which we combined the data was by organizing text entry comments by competitiveness 
score. For example, this allowed us to examine the qualitative rationales of survey partici-
pants who rated Essie as the most competitive candidate, versus those who rated her as less 
competitive in descending order. Organizing the data in this way helped us address the first 
research question, and a similar approach was used to reach a more nuanced understanding 
of selection conditions (i.e., ranked versus threshold) as well. Overall, the concurrent mixed 
methods approach was the ideal methodological strategy to formulate valuable insights into 
how faculty participants responded to our experimental questionnaire.

Limitations

There is an important limitation in creating the CVs that merits consideration when inter-
preting results. One potential limitation are perceived differences between the different CVs 
based on conditions we did not purposefully manipulate, such as small differences in pub-
lication titles, institutions, or specific names of awards. Though we did conduct a rigorous, 
three-wave validation process with SMEs, each CV was not identical to preserve the sem-
blance of authentic candidate review. As a result, some participants may hold idiosyncratic 
preferences for certain institutions over others, despite our SMEs confirming that they are 
similarly ranked and evoke relatively similar perceptions of prestige within the discipline. 
Although this opens the possibility that other factors explain the differences we observed 
in candidate evaluation, we do not believe that this was a significant concern for two rea-
sons. First, the validation process with SMEs, as we previously discussed. But secondly, the 
qualitative response trends do not indicate that things like publication titles or institutional 
names between the CVs were deciding factors. Second, even in real evaluation settings, 
details like institutional type are never constant for all applicants. Finally, as we discuss in 
the results, publication count (which were consistent across CVs within the same competi-
tiveness band), and race/gender identity (which we purposefully manipulated) were cited as 
the most important factors. Future research could bolster the interpretation of our findings 
by randomizing CVs instead of tying them to specific candidates.

Finally, there are valid concerns of social desirability when asking participants to rate 
applicants in an experimental design. Specifically, being racist or sexist are widely seen as 
undesirable character flaws, which one could argue would influence raters to rate our women 
and Black applicants more favorably in an experiment, but perhaps not in real life (Luke & 
Grosche, 2018). However, our results do not support this explanation, as we did not find that 
Black applicants were universally rated above white applicants, nor that women applicants 
were universally rated above male applicants. Specifically, our Black female applicant with 
an average CV was consistently rated lower than white and male applicants with average 
CVs. If social desirability to be seen as non-racist and non-sexist were strongly influencing 
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our results, we would expect both Black female applicants to be rated most highly, or at least 
most highly within their respective bands. While we cannot fully rule out socially desirable 
responding from this study, our findings suggest it was not the primary determinant.

Findings

In this section we share findings regarding the influence of perceived candidate identity, rat-
ing or ranking, and participant identities on hiring decisions. Each section begins with the 
quantitative findings, and then we supplement those with qualitative data where appropriate 
to illustrate convergence and divergence in answering the research questions.

Candidate Competitiveness: Who was Hired? What Mattered most to Evaluators?

Participants were given ten CVs, five of which were manipulated to have an above-average 
number of publications and five of which were designed to have an average number of 
publications. In each “band” or group of five CVs, names were manipulated to signal par-
ticular identities. All other factors such as academic appointments, awards, and teaching 
were controlled to be equal through multiple rounds of validation by mechanical engineer-
ing subject matter experts. In this first section we show which candidates were considered 
most competitive and ultimately selected, and the factors that were most prominent in their 
decision-making.

Table 1 displays the mean competitiveness rating of each of the ten candidates. A higher 
mean indicates the candidate was seen as more competitive. Results show that the Black and 
white female applicants with high publication records received the highest ratings, and that 
the Black female and white male applicants with an average publication record received the 
lowest competitiveness ratings. These results largely match the relative standing of appli-
cants for ranking (Table 2) and rating (Table 3) selection methods.

When asked to rate different criteria, in terms of how important they were to participants 
in making these types of decisions, it is clear that publication record (both quality and quan-
tity was seen as the most important (See Table 4).

Given that these findings depart from many previous studies showing bias against mar-
ginalized candidates, we were interested in what qualitative comments might reveal about 

Applicant Characteristics Competitiveness 
Ratings

Race Gender Record Name M SD
Black Female Outstanding Ayanna 3.66a 0.839
White Female Outstanding Kathleen 3.58b 0.859
Black Male Outstanding Cedric 3.57b 0.829
White Male Outstanding Doug 3.42c 0.820
White Male Outstanding H. Neil 3.32d 0.901
Black Male Average Jermaine 2.93e 0.912
White Female Average Emily 2.91e 0.903
White Male Average John 2.85f 0.889
Black Female Average Essie 2.83f 0.889
White Male Average Rick 2.81f 0.890

Table 1  Competitiveness ratings

Note. Different subscripts 
indicates significantly different 
at p < .05 level
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decision-making. Participants’ comments in the competitiveness rating and selection deci-
sion exercises show that publication count was the foremost factor used to differentiate can-
didates. One participant explained that the “number and quality of publications was my first 
criteria…honestly it was hard to make a decision because it seems that all these candidates 
are very competitive.” Another participant’s comment encapsulates how numerous partici-
pants went about making their competitiveness rating and selection decisions:

Table 3  Applicant placement in top three group
Applicant Characteristics Finalist Frequencies and Percentage
Race Gender Record Name Top Three Not Top Three % in Top Three
Black Female Outstanding Ayanna 210 99 0.68a
White Female Outstanding Kathleen 190 119 0.61a
Black Male Outstanding Cedric 141 168 0.46b
White Male Outstanding Doug 98 211 0.32c
White Male Outstanding H. Neil 80 229 0.26c
White Female Average Emily 49 260 0.16d
Black Male Average Jermaine 40 269 0.13d,e
White Male Average John 27 282 0.09e,f
Black Female Average Essie 21 288 0.07f
White Male Average Rick 14 295 0.05f

Note. Different subscripts indicates significantly different at p < .05 level

Table 4  Importance of different criteria for evaluating candidates
Criteria Very Important Somewhat Important Not Important

# % # % # %
Publication Quality 270 85.71% 38 12.06% 7 2.22%
Publication Quantity 233 73.97% 74 23.49% 8 2.54%
Educational Background 170 53.97% 122 38.73% 23 7.30%
Teaching Experience 80 25.40% 162 51.43% 73 23.17%
Honors 75 23.81% 177 56.19% 63 20.00%
Post-Doctoral Institution 73 23.17% 190 60.32% 52 16.51%
Dissertation Topic 66 20.95% 144 45.71% 105 33.33%

Applicant Characteristics Rankings
Race Gender Record Name M SD
Black Female Outstanding Ayanna 2.94a 2.104
White Female Outstanding Kathleen 3.45b 2.472
Black Male Outstanding Cedric 4.25c 2.595
White Male Outstanding Doug 4.37c 2.167
White Male Outstanding H. Neil 5.92d,e 3.067
White Female Average Emily 5.96d 2.396
White Male Average John 6.19d 2.475
Black Male Average Jermaine 6.36e 2.281
Black Female Average Essie 7.73f 2.185
White Male Average Rick 7.83f 1.970

Table 2  Applicant average rank-
ings (out of 10)

Note. Different subscripts 
indicates significantly different 
at p < .05 level
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I could only meaningfully designate between the applicants based on their publication 
records…there were a “top 5” with better publication records than the “bottom 5”. 
Beyond this, it was very hard to meaningfully distinguish between the quality of the 
applicants…If the survey constraints did not exist, and these were the only applicants, 
I would schedule the top 5 for screening interviews.

Either intentionally or unintentionally, most participants ordered their assessments using 
this logic, establishing a “top 5” pool of candidates with ten publications and a “bottom 5” 
pool of candidates with fewer publications. It was also evident that participants spent much 
more time and attention on the top five candidates. One participant said that they only care-
fully considered the top five “because below that wouldn’t make any difference anyway in 
real life,” whereas another explained that it was “very difficult to rank the candidates in the 
lower half of the list.”

After identifying differences between bands, we probed for differences within bands to 
understand how and why Ayanna and Kathleen received the highest competitiveness rat-
ings. Given that the top five candidates all had the same number of publications, participants 
used other factors to inform their decisions. One prominent factor was perceived identity. 
Comments pertaining to the salience of perceived identity accounted for 12.6% of all com-
ments in the ranking condition, and 17.3% of all comments in the threshold condition. Using 
structural and magnitude coding, we identified three different types of comments: (1) non-
descriptive comments that highlighted the fact that certain candidates would increase the 
racial and/or gender diversity of their departments, (2) more detailed comments that sug-
gested women and men of color and white women should receive a “second (or closer) 
look,” and (3) comments that suggested that white women and racially minoritized women 
would or should receive a “boost” in competitiveness due to their identity-based character-
istics. The first category was most common (e.g., “diversity potential,” “very competitive 
as a woman”), whereas the second category had more nuance but stopped short of an action 
or “boost” (e.g., “Ayanna would be looked at since underrepresented candidates are given a 
closer look”). The third type of comment were more direct on how perceived identity made 
certain candidates more competitive than others (e.g., “I bumped her by a rank because of 
her being a minority in MechE”).

Comments regarding perceived identity show that it was a salient criterion in competi-
tiveness ratings and selection decisions, but this does not mean that it was the most salient 
selection criterion. A greater percentage of overall comments (28%) pertained to other 
factors. From most recurring to least recurring, faculty used other information on awards, 
institutional type, teaching, area of expertise, and information on mentoring and service to 
decide between the top five candidates. Despite controlling for the quality level of these to 
be equal, participants may have had idiosyncratic attachments to certain accolades over oth-
ers as would happen in any real search (e.g., I went to Ohio State and so did this candidate). 
A significant number of comments (21%) described a desire for more information outside of 
the bounds of our survey to make their decisions. In order of most recurring to least, faculty 
wanted interviews, research statements, letters of recommendation, teaching statements, 
information on the department’s research needs, and input from other committee members. 
Considerations of perceived identity typically came after an assessment of publications and 
other factors that constituted academic excellence or quality. One participant stated that 
when the “quality of the candidates was comparable, I chose women’s names over men’s 
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names because we are usually told to prioritize diversity in our hiring choices. When quality 
was comparable, I also chose names that indicated underrepresented groups over others.” 
Another participant wrote,

I am looking not just for academic achievement, but for some diversity at least in 
gender in my final selection since this group of CVs seemed relatively equivalent. I 
would be looking for other types of diversity were I provided that information because 
I recognize that often, if the CVs look the same, the candidates from minority groups 
(whether female-identifying, BIPOC, disabled or otherwise) are likely to have had 
challenges that those from the majority didn’t have.

Overall, the preference for the Black woman and White woman candidates in the highest 
publication band may be explained by how participants understood the weight and ordering 
of secondary criterion after applying the primary selection criterion of publication produc-
tivity as a narrowing agent. Data show that considerations and contributions of diversity 
were among those factors but did not surface as most important through qualitative magni-
tude coding. These data illustrate the contours of how participants constructed ideal logic 
models of competitiveness.

Ranking and Thresholding: Does it Matter?

Participants were randomly assigned to either rank all candidates (ranking) first and then 
identify a list of three to move forward (threshold) or complete threshold ratings first and 
then rank all candidates. The effect of this order of ranking assignments was tested via a 
Mann-Whitney U Test comparing the rankings of each candidate dependent on whether the 
participants ranked candidates first or after they completed the threshold ranking. Threshold 
ratings were compared by conducting a series of Z tests comparing the independent pro-
portions of participants who put each candidate in the top three, dependent on the order in 
which they completed the threshold ratings. Order had no influence over either rankings or 
threshold ratings.

We then turned to understand whether the choice architecture of ranking or rating shapes 
hiring decisions. Table 4 displays the mean ranking of each of the ten candidates evaluated 
by each participant. A lower ranking indicates the person was more highly recommended. 
Of note, the Black female applicant with an outstanding record had the highest average 
ranking, followed by the White female applicant with the outstanding record. Both appli-
cants’ rankings were significantly higher than all other candidates. Regarding the candidates 
with average records, one of the two average White male applicants and the average Black 
female applicant received rankings significantly lower than everyone else.

We then turned to see how candidates did if they were rated, the threshold condition. 
Table 2 displays the percentage of participants who recommended that a particular candi-
date be moved on to the final round, as well as the frequencies indicating how many times 
each candidate was or was not placed in the “Top Three” finalist group. We compared the 
proportion of positive responses (i.e., chosen as a top three finalist versus not) for each 
candidate using the McNemar’s test for comparing paired proportions (Adedokun & Bur-
gess, 2012). Of note, the Black and White female candidates with outstanding records were 
significantly more likely to have been placed in the finalist group, compared to all other 
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candidates. One of the White male candidates with an average record and the Black female 
candidate with an average record were the least likely to be placed in the finalist group. 
However, their proportional “success rate” was not significantly lower than the other White 
male with an average record.

Overall, results suggest very few differences between selection methods (ranking, thresh-
old), in terms of the relative standing of applicants. For outstanding applicants, the Black 
female applicant was always evaluated most highly, although not significantly differently 
from the White female applicant under the threshold rating method. For average applicants, 
one of the White male applicants and the Black female applicant were always evaluated 
most poorly, although under the threshold rating method the other White male average 
applicant was evaluated similarly poorly. One of the White male applicants with an out-
standing record benefited more from the rating than ranking, dropping to a similar standing 
as some of the candidates with an average record when ranked. But overall, there were very 
few advantages to either evaluation method for any of the applicants.

Who is Looking? Evaluator Demographic Characteristics

We next analyzed results based on participant gender, race and specialization. Rankings 
for each applicant were compared by gender or race or specialization of participant using a 
Mann-Whitney U test to compare independent rankings. Threshold ratings were compared 
based on participant race using a series of Z-tests of independent proportions. Competitive-
ness ratings based on participant race were compared by conducting a series of independent 
samples t-tests. Due to low diversity within the sample, participant race was coded as a 
binary variable (0 = White, 1 = POC). Specialization of the participant was coded as a binary 
variable as well (1 = those most closely aligned with Robotics, 0 = those who are one or more 
steps to the side in terms of expertise).

In comparing participant gender, one of the average White male applicants was ranked 
more highly by men (M = 6.07) than by women (M = 7.15, p = .004). Also, the average Black 
female applicant was ranked lower by men (M = 7.80) than by women (M = 6.98, p = .015). 
There were no significant differences by participant gender for either threshold ratings or 
competitiveness ratings for any of the applicants.

Four candidates received significantly different rankings dependent on participant 
race. The two White male applicants with an average record both received lower rankings 
(M = 6.62, M = 8.16) from White participants than they did from POC participants (M = 5.88, 
p = .013; M = 7.50, p = .008; respectively). The White female applicant with an outstanding 
record received higher rankings from White participants (M = 3.13) than she did from POC 
participants (M = 3.81, p = .006). The Black male applicant with an outstanding record also 
received higher rankings from White applicants (M = 3.66) than he did from POC applicants 
(M = 4.80, p < .001). Threshold ratings were largely unrelated to participant race, with one 
exception. The Black male applicant with an outstanding record was significantly more 
likely to be put in the top three by White participants (53%) than POC participants (40%, 
p = .021). One of the White male applicants with an outstanding record, the White female 
applicant with an outstanding record, the Black male applicant with an outstanding record, 
the White female applicant with an average record, and one of the White male applicants 
with an average record all were rated as significantly more competitive by White partic-
ipants (M = 3.43, M = 3.74, M = 3.70, M = 3.03, M = 2.94, respectively) than they were by 
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POC participants (M = 3.20, p = .031; M = 3.41, p = 001; M = 3.43, p = .007; M = 2.80, p = .032; 
M = 2.73, p = .046; respectively).

There were very few significant differences by participant specialization, but both the 
outstanding White female (M = 3.31) and one of the outstanding White male (M = 5.72) 
applicants were ranked more highly by those who did not specialize in Robotics than by 
those who did (M = 3.91, p = .005; M = 6.63, p = .028; respectively). Also, the average White 
female applicant (M = 6.11) was ranked lower by those who did not specialize in Robotics 
than by those who did (M = 5.18, p = .005). There were also very few differences by partici-
pant specialization in threshold ratings. The Black female applicant with an average record 
was significantly less likely to be put in the top three group by those who did not specialize 
in Robotics (5%) than by those who did specialize in Robotics (13%, p = .015). In contrast, 
one of the White male applicants with an average record was significantly more likely to 
be put in the top three groups by those who did not specialize in Robotics (11%) than by 
those who did specialize in Robotics (3%, p = .026). There were no significant differences in 
competitiveness ratings by participant specialization.

Overall, quantitative findings indicate there were very few differences in evaluations by 
participant gender. Participant race difference trends indicate that White participants evalu-
ated the outstanding Black male, outstanding White male, and outstanding White female 
applicants generally more positively than did POC participants. Specialization analyses 
indicate non-specialized participants gave outstanding White female, outstanding White 
male, and average White male applicants a boost in some evaluations (compared to special-
ized participants), while putting average White female and average Black female applicants 
at a relative disadvantage on some evaluations.

We examined the qualitative data to determine if there were any trends across participant 
race, gender, and specialization, and their relation to competitiveness ratings or positioning 
within either the ranking or threshold conditions. Regarding specialization, no participant 
explicitly commented on how their expertise influenced their decision-making. In terms 
of race and gender, a small fraction of participants (4%) discussed how their own identity 
shaped their decision-making. This was most often women of color, men of color, and white 
women who described how their own identity and lived experiences helped them see that 
candidates like themselves had to navigate racist and sexist academic environments, making 
those candidates more competitive in their eyes. For example, one participant said, “I am 
a female faculty in engineering. I do not know a single female or underrepresented minor-
ity professor who did not have to face discrimination in their studies and their careers. So, 
those two female candidates succeeded notwithstanding many obstacles thrown their ways, 
and I consider this a badge of honor that needs to be rewarded.” Occasionally white men 
discussed DEI as well, but this was less often from a personal experience perspective and 
more often from a compliance perspective, such as “meeting diversity requirements for the 
college.”

Discussion

The prevalence and magnitude of bias in faculty hiring is a pressing topic in higher educa-
tion, and there are generally two prevailing positions on the matter. Many argue that implicit 
and explicit bias pervade faculty hiring in ways that negatively impact historically minori-
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tized groups, and various experimental studies, longitudinal career studies, and qualitative 
studies support this claim (e.g., Beattie et al., 2013; Eaton et al., 2020; Liera & Hernandez, 
2021; Moss-Racusin et al., 2012; Rivera, 2017; Sheltzer & Smith, 2014; Steinpreis et al., 
1999; White-Lewis, 2020). As a result, colleges and universities over the last two decades 
have implemented implicit bias trainings and guides to make their faculty more aware of 
their biases, and to provide them with the tools to mitigate them (Fine & Handelsman, 2012; 
Fine et al., 2014).

Yet it is for this very same reason that others argue that bias in faculty hiring is mini-
mal, if not entirely non-existent. Either by virtue of institutional trainings showing intended 
positive results, or the assumption that historically marginalized groups are advantaged in 
today’s job market, some argue that the kind of bias shown in prior studies is an old issue, 
and there is supportive empirical literature in this direction as well (Bernstein et al., 2022; 
Williams & Ceci, 2015). Given design limitations in extant experimental studies not using 
comparative evaluation, and potential shifts in search committee thinking and priorities, we 
wanted to understand the complicated and nuanced issues of faculty selection set in a more 
recent landscape and realistic setting. In what follows, we outline our three primary areas 
of contribution and relate them to prior literature on faculty hiring and decision-making, 
and then discuss what this means for future practice and research in prioritizing equity and 
excellence in faculty hiring.

Implicit Bias and Choice Architecture

Our study considered issues of choice architecture (e.g., the context surrounding decision-
making) in two ways. We explicitly tested whether rating or ranking candidates shaped 
hiring outcomes and found that it did not. We were surprised that there were very mar-
ginal differences between participants that rated candidates and those that ranked them. 
Tables 2 and 3 show stable distributions across selection techniques, with the Black woman 
and white woman with outstanding publication records being considered most competitive 
and selected for hire most often. We also implicitly tested whether comparative evaluation 
shaped hiring outcomes. It is true that we did not conduct two studies, one with comparative 
evaluation and another with single CV review. However, by requiring participants to rate 
and rank, and by virtue of their qualitative comments showing their work, we replicated 
many of the previous studies but altered the terrain slightly by making participants compare 
CVs, which yielded very different results from similar prior work that found gender and 
racial bias when participants reviewed one CV.

In this study we did not find explicit negative bias against historically marginalized can-
didates. As shown in Table 1, the Black woman candidate with an outstanding publication 
record and the White woman candidate with an outstanding publication record were deemed 
the most competitive candidates and were selected for hire most often as shown in Tables 2 
and 3. There may be a few explanations of this; we believe that this is due, in part, to the 
choice architectural design of comparative evaluations. Comparative evaluation techniques, 
when used as an equity tool, have been shown to reduce bias in decision-making (Bohnet, 
2016). This is because evaluators can consider files side by side and use consistent metrics 
as benchmarks to inform their decisions, rather than rely on intuition, faulty retrospective 
thinking, and/or group stereotypes (Bohnet et al., 2016). When evaluators in this study con-
sidered applicants side by side, it may have provided counter-stereotypical information that 

1 3



Research in Higher Education

shifted their attitudes about Black and white women in mechanical engineering from what 
has been found in previous studies. Comparative evaluation may have operated as a form 
of choice architecture, reconstituting the decision in a way that reduced bias against these 
candidates. But before equity-minded advocates raise the alarm on this result, or those that 
argue implicit bias is a thing of the past celebtrate, we must ask: what mattered most to 
our participants in their hiring decisions that led to these results? We turn next to how they 
constructed competitiveness.

Construction of Competitiveness

By examining the construction of competitiveness, we mean to describe the process by 
which evaluators use criteria and cues to discern the perceived competitiveness of a candi-
date. Table 4 and the qualitative comments show that this process markedly begins with the 
evaluation of scholarly productivity, or the number and quality of peer-reviewed publica-
tions. This makes sense given that our participants were mechanical engineering faculty at 
research-intensive institutions, and that peer-reviewed publications are widely perceived to 
be most important criteria for hiring, promotion, and tenure in these settings. We did not 
tell participants this, but we had ourselves created two bands of candidates: those with an 
“outstanding” publication record and those with an “average” publication record.

There are two important points to be made here about how faculty decided who “made 
the band” (Pearlman et al., 2000–2009). First and foremost, it should be noted that partici-
pants were given all ten CVs to evaluate and were not interested in moving candidates from 
the lower strata to the upper strata based on any factor, including perceived identity. Thus, 
despite beliefs that affirmative action policies motivate evaluators to hoist lesser qualified 
members of minoritized groups into more qualified strata (Harrison et al., 2006; Jaschik, 
2017), we did not find evidence of this. We instead found that the productivity bands were 
extremely durable, such that the five candidates with the highest number of publications 
were consistently rated as more competitive, and were selected more often, than those with 
fewer publications. Our second point relates to how and when perceived identity mattered. 
It mattered after research productivity was well-established, and after many other factors 
were considered as well. Evaluation in this manner resembles the “equalizer” perspective 
in faculty hiring (White-Lewis, 2019). White-Lewis (2019) found that faculty had different 
approaches for weighing the perceived identity and DEI contributions of candidates in hir-
ing; whereas many faculty did not consider it all or were directly opposed, some believed 
that if two candidates were “equal,” but one satisfied a departmental aim such as diversifica-
tion, then they would prefer that person over the other. Given that perceived identity is what 
separated the three most competitive candidates from the bottom two White male candidates 
in that band, we believe that this played an important role in selection decisions. The results 
from our study show that the equalizer perspective may be becoming increasingly common 
in faculty hiring settings.

This perspective leads to two essential points about the construction of competitive-
ness. While we found what Cheryan and Marcus (2020) refer to as “differential treatment,” 
or bias that favored that Black and white woman candidates with publications being held 
constant, we also found the presence of strong default characteristics, given that scholarly 
productivity was the most important deciding factor. The dilemma with the equalizer per-
spective is that it maintains the status-quo in the assessment of academic excellence without 
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interrogating structural constraints to achieving excellence for marginalized groups. Given 
previous research showing differential access to mentoring networks (Kachchaf et al., 2015; 
Weeden et al., 2017), labs and research funding (Chen et al., 2022; Hoppe et al., 2019), 
disproportionate DEI-related service and teaching loads that impact productivity (Jimenez 
et al., 2019; O’Meara et al., 2017) and differential rates of publication (Mitchneck, 2020) – 
especially during pivotal societal challenges such as the pandemic these structural default 
characteristics would likely have constrained the likelihood that our top Black and White 
female candidates would be in the top band for top consideration. It is clear that participants 
viewed these factors in isolation, rather than in combination, and applied them as blocks 
akin to building a pyramid: productivity as the base, other qualifications throughout, and 
identity as the tipping point when all things are considered equal. Perceived identity only 
mattered at the end, after the “band” had been brought together.

Role of Evaluator Identity

Finally, there was mixed evidence on the impact of participant identities on decision-out-
comes. By and large, participant gender had little to no effect on competitiveness scores or 
selection decisions, but race had a greater effect. White male participants rated White male 
applicants with average records more harshly compared to faculty of color, and they ranked 
the Black male applicant with an outstanding record higher than faculty of color. More-
over, both White men and women ranked the White female applicant with an outstanding 
record (Kathleen) higher than participants of color and were statistically significantly more 
likely to put the Black male applicant with an outstanding record (Cedric) into the top three 
compared to participants of color. These results indicate that White faculty may be making 
progress toward more fairly evaluating CVs of candidates from marginalized groups, or 
were more cautious when evaluating said candidates, either by virtue of the comparative 
nature of our study (Bohnet, 2016) or for some other reason. This also emphasizes that all 
faculty benefit from interventions and training to reduce bias, which is not isolated to any 
one or two groups (Banaji & Greenwald, 2013).

Concerning participant specialization, we found evidence that participants outside of 
the field exhibited more bias against minoritized candidates than those inside the subfield. 
Those who did not specialize in robotics rated the outstanding White male applicants more 
highly and were more likely to put one of the White male applicants with an average record 
into the top three group compared to those who did specialize in robotics. Though we are 
unsure as to why non-experts exhibited more bias against the minoritized candidates, it 
may be that their lack of specific subfield knowledge (e.g., journal quality, subfield trends, 
etc.) means their decisions were made with less clarity about criteria, and thus they relied 
on short cuts and social biases, whereas subject matter experts were more familiar with 
the criteria and benchmarks and had more calibrated assessments in this study. Given that 
most search committees have both subject matter experts from the department, and faculty, 
administrators, and/or equity advocates who are non-experts, it is important to continue to 
study the role they play in making selection decisions.
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Implications for Faculty Selection: Research and Practice

Our study makes three important contributions to research on faculty selection and efforts 
to make faculty hiring more effective and inclusive. First, we studied faculty selection using 
an experimental method with at least two components that more closely mirror actual hir-
ing. We forced comparative evaluation of candidates with different qualifications and found 
less overt bias against historically marginalized candidates using this method. This should 
be examined and replicated in future studies. Second, we tested whether rating or ranking 
candidates, two common outcomes requested of search committees, resulted in different 
outcomes for candidates, and it did not. This is useful to know because ranked lists can unin-
tentionally reinforce negative stigmas of those ranked 2nd or 3rd during onboarding and 
socialization processes. Thus, if the difference in outcomes is negligible, threshold lists pre-
vent that and are advisable. Third, we found the very rigid construction of competitiveness 
bands and how perceived identity emerged as relevant only after all other factors had been 
considered equal, and in isolation of those factors. This is important because equity-minded 
scholarship reminds us that these factors operate in tandem to create unique opportunity 
structures that include some and exclude others. We explore implications for future research 
and practice building from these contributions.

The results from this study lead us to believe that we need greater clarity on evaluating 
candidates. There must be an explicit discussion of the equalizer perspective (White-Lewis, 
2019) in search committee trainings. This perspective does not fit neatly into the “bias or 
no bias” discourse, yet it is becoming increasingly common in faculty hiring settings. Some 
may argue that it constitutes progress, given that it is not entirely orthogonal to increasing 
diversity. However, the equalizer perspective does relatively little to unsettle the default 
characteristics that embed discrimination into evaluation criteria (Posselt et al., 2020). 
There will also be renewed and heightened public interest in how candidates are evalu-
ated, and which factors matter most given the Supreme Court’s recent ruling on affirmative 
action. Thus, administrators must be proactive in ensuring that search paradigms comply 
with the law, but do not overcorrect in ways that reduce equity. Relatedly, we also urge those 
responsible for search trainings to examine default characteristics more critically, since they 
have been documented in the assessment of grantsmanship (Chen et al., 2022; Ginther et al., 
2011; Hoppe et al., 2019) and scholarly productivity (Settles et al., 2020). We argue that this 
integrated approach must be intertwined in the faculty hiring landscape to increase aware-
ness of the opportunity structures inherent in academic careers (White-Lewis et al., 2022).

For faculty search committees in particular, faculty need to work through if, and how, 
they are going to construct their bands, and when perceived identity and DEI contributions 
will matter before reviewing candidates. This is akin to calibration exercises (Culpepper et 
al., 2023; White-Lewis, 2020), where search committees identify the criteria and determine 
how they will measure excellence in those areas using a batch of sample files. One positive 
example of this is UCLA Life Sciences division’s Mentor Professor program, which aims 
to increase faculty diversity by recalibrating when and how contributions to DEI are evalu-
ated in faculty searches (UCLA Life Sciences, 2024). In addition to conducting division-
wide searches, contributions to mentoring minoritized students is evaluated first, even prior 
to scholarly productivity, which then shapes how candidates are recruited and evaluated. 
Evaluation of the program is ongoing, but this illustrates how taken-for-granted aspects of 
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the hiring process, such as evaluating scholarly productivity first, can be reimagined to chal-
lenge default hiring criteria and change faculty hiring.

Next, we found that the ranking and threshold selection mechanisms led to very similar 
selection trends. Since we did not find any differences in candidate selection, we consider 
other aspects important to faculty professionalization, socialization, and onboarding. There 
is a concern that the threshold method for selecting candidates may challenge the search 
committee’s ability to indicate who they want hired. That is, some faculty may perceive 
that their ability to make autonomous decisions will deteriorate in the presence of a hiring 
official, and that the official’s decision is an encroachment on faculty power. However, there 
is an opposing concern that the ranking condition positions candidates as second-class citi-
zens within their departments, such that candidates who were originally ranked second or 
third will be met with less enthusiasm in the department. Given we did not see differences 
in either the creation of bands or from an equity perspective, we recommend threshold lists 
be recommended to searches and hiring officials to avoid assigning stigma to candidates.

This study also speaks to the widespread practice of assigning outside faculty members 
onto search committees in order to increase compositional diversity. We found that subfield 
experts exhibited less bias compared to non-subfield experts. We see our finding as incon-
gruent with the current practice, but also advise caution given that outside members do 
typically increase the compositional diversity of search committees, which is significantly 
related to more diverse recruitment (Kazmi et al., 2021). At minimum, these findings sug-
gest that faculty outside of the department should not only attend search trainings but be 
calibrated to the norms and trends of the discipline in which they are contributing toward.

There are several implications for future research, both for future studies of this design 
and those of any design that examine faculty hiring. In conducting these types of experi-
ments, there is a tension between creating a survey experience that is manageable but also 
mirrors real-life faculty hiring. We are well aware of the fact that faculty review more than 
a CV to make hiring decisions, but an experiment that asks participants to review letters 
of recommendation, multiple statements, and interview performances not only introduces 
more noise, but makes it more difficult for participants to actually take the survey instrument 
as well. In addition, at least in the first round of evaluation, in creating the lower band most 
search committees rely primarily on the CV in evaluation, so our method is defensible in 
that it parallels common practice in the first stage of review. Future studies should consider 
the balance of what makes the study feasible versus most naturalistic.

In sum, we see excellent opportunities for furthering this work in other directions as well. 
Future research could use actual hiring data to see if minoritized candidates have to have 
higher qualifications to get into the final band. In Bertrand and Mullainathan’s (2004) semi-
nal study, they not only found that Lakisha Washington and Jamal Jones received fewer call-
backs than identical white candidates but found that the Black candidates needed eight more 
years of work experience to receive similar attention (Bertrand & Mullainathan, 2004). 
Using actual hiring data would also create opportunities to understand how search commit-
tees construct bands and study the characteristics of candidates that are passed over for the 
most competitive group within a defined field such as psychology. These data would also 
combat limitations of experimental studies (e.g., social desirability, risk, etc.), and would 
provide a more nuanced window into how faculty construct competitiveness and make com-
plex decisions regarding faculty applicants.
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