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Productivity metrics and
hiring rubrics are warped
by cultural schemas of
merit
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Academic science is committed to
objective hiring and promotion, yet
diversification has stalled. Conven-
tional approaches to improve diver-
sity overlook the valorized cultural
schemas scientists use to assess,
and often mismeasure, merit. These
schemas warp the design and use
of productivity metrics and rubric
scoring. We suggest interventions
to unwarp them.
Scientists are committed to fair, objective
assessments of their peers’ work. Yet
women and some racially minoritized aca-
demics remain under-represented in aca-
demic science, technology, engineering,
andmathematics (STEM) [1]. For example,
among life sciences ladder-rank faculty in
2019, 2.4% are Black, 5.0% are Latinx,
and 2.8% are Black or Latinx women.
The share of women (of any race) is
33.6% (authors’ calculations from [1]
(Table 9-29). A recent analysis of three
federal datasets spanning all disciplines
found that the slow rate of change in the
diversity of faculty simply tracks demo-
graphic change in the American popula-
tion, yet comes no closer to demographic
parity [2]. Why has diversification stalled
given the continued efforts to increase
representation in academic science?

Conventional approaches to increasing di-
versity have focused on implicit bias, the
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cognitive shortcuts that can unfairly affect
hiring and promotion decisions [3]. Yet
common solutions like implicit bias training
have mixed results and do not suffice as
singular interventions to address systemic
inequalities [4].

This article begins by explaining how pre-
occupation with individual-level beliefs like
implicit bias overlooks another important
source of the devaluation of academic
scientists: the cultural frameworks STEM
academics use to assess merit. These
cultural schemas can distort seemingly
objective measurement of merit, like cita-
tion metrics and hiring rubrics.

We introduce these schemas and then
suggest interventions that departments
and disciplines can use to improve the
design and deployment of these mea-
sures to support more equitable hiring
and promotion. Just as the problem of
bias is largely rooted in scientific culture
and communities, solutions also depend
upon communities working together to
critically assess and reconfigure their
own cultural practices.

Cultural schemas of merit in
academic STEM
Scholarship and policy on inequality in ac-
ademic hiring and promotion often focus
on implicit bias, including automatic men-
tal associations such as linking STEM
competency with men. Yet a comprehen-
sive study of 800 organizations finds that
diversity training, which often includes im-
plicit bias training, has not produced wide-
spread increases in employee diversity
and sometimes provokes backlash [4].

A narrow focus on factors of individual cog-
nition like implicit bias overlooks another
source of inequity: widely shared cultural be-
liefs about STEMwork. In contrast to implicit
biases, which STEM faculty generally view
as unfair, most faculty venerate STEM pro-
fessional culture and believe that its stan-
dards are fairly applied to everyone.
These shared beliefs include a set of ‘cultural
schemas’, historically rooted, broadly shared
understandings of merit, which provide mor-
alized understandings of competence and
excellence. In Misconceiving merit, a study
of over 500 STEM faculty in an R1 university,
researchers examined administrative data, a
scholarly production data base, a survey,
and interviews, and verified results in a
broader survey of 7000 academic scientists.
They discovered two cultural schemas that
are core to notions of merit [5]. The schema
of scientific excellence is the constellation of
qualities used as indicators of merit, such
as individual brilliance and assertive self-
promotion. This schema tends to minimize
other important criteria such as mentoring,
collaboration, and diversity. Second, the
work devotion schema demands single-
minded allegiance to the scientific vocation
and delegitimates faculty with commitments
to caregiving [5].

When these two schemas are used as
yardsticks to measure merit, they often
mismeasure it. For example, they are
more likely to identify and reward brilliance
and assertive self-promotion amongWhite
and Asian heterosexual men and to over-
look or even penalize these displays
among Black and Latinx men [6], women
of color, white women, and LGBTQ fac-
ulty. Research finds that for the same
amount of scholarly productivity and net
of department and job level, minoritized
faculty receive less respect than their
White and Asian heterosexual male col-
leagues and mothers receive less pay [5].

Metrics of impact
Academic hiring and promotion decisions
often rely on impact metrics [7] and many
scientists believe that they are largely im-
mune to bias. Yet the two schemas can
get built into these metrics in ways that
perpetuate inequality.

For example, the high value put on assertive
self-promotion in the scientific excellence
schema smuggles acts of self-promotion
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into what are presumed to be measures of
peer recognition. Consider the inclusion of
self-citations in the H-index, which is the
most recognized metric of productivity and
impact [7]. Despite some debate [8,9],
self-citation is generally considered an ob-
jective way of crediting one’s closely re-
lated earlier research. Yet its enactment is
highly gendered: men tend to self-cite
much more often than women [10,11].
Nonetheless, the practice of including self-
citations in individual metrics meant to
measure peer recognition is seen as ac-
ceptable and nonbiased because it aligns
with the scientific excellence schema’s val-
orization of assertive self-promotion of
one’s scientific contributions.

Moreover, the work devotion schemaman-
dates single-minded allegiance to a scien-
tific calling and assumes that every year
is, or should be, a research active year.
This cultural belief affects the H-index,
which treats all years after career launch
similarly. The H-index fails to account for
years with no publications, which can
occur for caregivers during or following a
family leave [12]. Endless working and di-
minished time spent caregiving is implicitly
rewarded as an indicator of excellence.

Further, the scientific excellence schema
venerates myths of individual brilliance and
independence while overlooking the pro-
cesses by which men often elevate other
men in their social networks while excluding
women. Given the prevalence of men in
homophilic processes that exclude women
[13], it is important to assess whether the
practice of including self-citations in impact
metrics particularly benefits male scientists.
Research also finds that metrics of impact
like the H-index can be manipulated by ex-
cessive and vague over-citing of former co-
authors. Collaborators, often other men,
may do likewise and amplify its effects [14].

Unwarping the impact metrics
We encourage associations and organiza-
tions, such as the American Association of
Microbiology, the National Academies,
and funders, to consider heeding the
research that recommends removing
self-citations from individual metrics [12]
and to further investigate how reliance on
impact metrics and presumptions of unin-
terrupted funding trajectories promote in-
equality. These units could recommend
revisions to common metrics or propose
alternative metrics. Further, they should
assess how other cultural practices are
hidden within metrics in ways that distort
fair evaluation.

Rubrics in academic hiring decisions
To counteract the implicit bias of evaluators
in hiring, diversity experts encourage the
use of decision-making rubrics, in which in-
dividual evaluators use multipoint scales to
rate each candidate (or semi-finalist) on a
set of criteria, including factors like research
productivity, impact, and teaching [15].
This process is believed to counteract indi-
vidual evaluator bias by promoting more
deliberative and analytical thinking and by
directing attention to the skills that directly
affect job performance [3].

However, two recent studies on how rubrics
are used in practice find that they do not fully
protect against individual bias in academic
STEM. A study of rubric scoring of
semi-finalist engineering faculty candidates
found that women candidates received
significantly lower scores on research pro-
ductivity than men, even after controlling
for publications, H-index, and seniority [15].

A separate study of academic faculty
searches found that rubrics did little to
counteract biased judgments of candi-
dates’ research productivity and impact.
For example, in a life sciences depart-
ment search, the belief that studies of
minoritized populations were ‘too nar-
row’ led to the under-scoring and filtering
out of some minoritized candidates who
were conducting that research [16].
Thus, even when rubrics are used, evalu-
ators may still define quality through the
distorted lens of the schema of scientific
excellence.

Unwarping the use of rubrics
These studies do not recommend
abandoning rubrics. Instead, they advocate
making use of rubrics in ways that utilize
the emergent insights and experience of an
evaluating community. One article recom-
mends that faculty search committees
meet prior to reviewing candidates’ files in
order to practice applying the rubrics to sam-
ple candidates and calibrate their scoring to
ensure that criteria are fairly applied [16].

Another article advocates that evaluation
and rubric scoring of all semi-finalist candi-
dates should be done by all facultymembers
in a department, not just hiring committees
[15]. It recommends that all rubric scores
should be shared at the outset of the faculty
meeting in order to eliminate ‘first speaker
bias’ (when an influential colleague sets the
tone by vigorously endorsing or criticizing
particular candidates). And, rubric scores
should be presented as one element in a ho-
listic discussion. This included careful con-
sideration of candidates with the largest
variation in scores (who were predominantly
women). Researchers found that these
practices help correct misconceptions and
ultimately led to greater likelihood of making
job offers to women compared with the
department’s previous searches [15].

Concluding remarks
Implicit bias training has not ensured durable
improvements in diversity [2,4]. A narrow
focus on these individual biases overlooks
the widely shared cultural frameworks
STEM academics use to assess, and often
mismeasure, merit. These schemas of
merit include cultural assumptions that
make the cultural conventions of impact
metrics and hiring rubrics seem sensical
and fair. Interventions to improve equity in
hiring and promotion will bemost successful
if they leverage the emergent wisdom of ac-
ademic communities to critically assess and
reconfigure their own cultural practices.
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