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Addressing Implicit Bias
in the Courts
Pamela M. Casey, Roger K. Warren, Fred L. Cheesman, & Jennifer K. Elek1

Fairness is a fundamental tenet of American courts. Yet,
despite substantial work by state courts to address issues of
racial and ethnic fairness,2 public skepticism that racial and
ethnic minorities receive consistently fair and equal treatment
in American courts remains widespread.3 Why?

Perhaps one explanation may be found in an emerging body
of research on implicit cognition. During the last two decades,
new assessment methods and technologies in the fields of
social science and neuroscience have advanced research on
brain functions, providing a glimpse into what National Public
Radio science correspondent Shankar Vedantam refers to as
the “hidden brain.”4 Although in its early stages, this research
is helping scientists understand how the brain takes in, sorts,
synthesizes, and responds to the enormous amount of information an individual faces on a daily basis.5 It also is providing intriguing insights into how and why individuals develop
stereotypes and biases, often without even knowing they exist.
The research indicates that an individual’s brain learns over
time how to distinguish different objects (e.g., a chair or desk)
based on features of the objects that coalesce into patterns.

These patterns or schemas help the brain efficiently recognize
objects encountered in the environment. What is interesting is
that these patterns also operate at the social level. Over time,
the brain learns to sort people into certain groups (e.g., male or
female, young or old) based on combinations of characteristics
as well. The problem is when the brain automatically associates certain characteristics with specific groups that are not
accurate for all the individuals in the group (e.g., “elderly individuals are frail”). Scientists refer to these automatic associations as implicit—they operate behind-the-scenes without the
individual’s awareness.
Scientists have developed a variety of methods to measure
these implicit attitudes about different groups, but the most
common measure used is reaction time (e.g., the Implicit
Association Test, or IAT).6 The idea behind these types of measures is that individuals will react faster to two stimuli that are
strongly associated (e.g., elderly and frail) than to two stimuli
that are less strongly associated (e.g., elderly and robust). In
the case of race, scientists have found that most European
Americans who have taken the test are faster at pairing a white
face with a good word (e.g., honest) and a black face with a bad
word (e.g., violent) than the other way around. For African-

Footnotes
1. The Open Society Institute, the State Justice Institute, and the
National Center for State Courts funded the preparation of this
article. The views expressed are those of the authors and do not
necessarily reflect the views of the funding organizations. This
article summarizes the National Center for State Courts’ project
on implicit bias and judicial education. For the full report of the
project, see PAMELA M. CASEY, ROGER K. WARREN, FRED L.
CHEESMAN II & JENNIFER K. ELEK, HELPING COURTS ADDRESS IMPLICIT
BIAS: RESOURCES FOR EDUCATION (2012) (hereinafter HELPING
COURTS), available at http://www.ncsc.org/~/media/Files/PDF/
Topics/Gender%20and%20Racial%20Fairness/IB_report_033012.
ashx.
2. Various state-court reports of racial fairness task forces and commissions can be found through the National Center for State
Courts’ website at http://www.ncsconline.org/Projects_Initiatives/
REFI/SearchState.asp. To access the National Center for State
Courts’ Interactive Database of State Programs to address race and
ethnic fairness in the courts, go to http://www.ncsconline.org
/D_Research/ref/programs.asp.
3. For example, a 1999 a national survey of public attitudes about
state courts that found 47% of Americans surveyed did not believe
that African-Americans and Latinos receive equal treatment in
America’s state courts, 55% did not believe that non-Englishspeaking persons receive equal treatment, and more than twothirds of African-Americans thought that African-Americans
received worse treatment than others in court. See NATIONAL
CENTER FOR STATE COURTS, HOW THE PUBLIC VIEWS THE STATE
COURTS: A 1999 NATIONAL SURVEY (1999), available at
http://www.ncsconline.org/WC/Publications/Res_AmtPTC_Public

ViewCrtsPub.pdf. State surveys, such as the public-opinion survey commissioned by the California Administrative Office of the
Courts, report similar findings: A majority of all California
respondents stated that African-Americans and Latinos usually
receive less favorable results in court than others, approximately
two-thirds believed that non-English speakers receive less favorable results, and, a much higher proportion of African-Americans,
87%, thought that African-Americans receive unequal treatment.
See David B. Rottman, Trust and Confidence in the California
Courts: A Survey of the Public and Attorneys (2005), available at
http://contentdm.ncsconline.org/cgi-in/showfile.exe?CISOROOT=/ ctcomm&CISOPTR=25.
4. See SHANKAR VEDANTAM, THE HIDDEN BRAIN: HOW OUR
UNCONSCIOUS MINDS ELECT PRESIDENTS, CONTROL MARKETS, WAGE
WARS, AND SAVE OUR LIVES (2010).
5. Social-science research on implicit stereotypes, attitudes, and bias
has accumulated across several decades into a compelling body of
knowledge and continues to be a robust area of inquiry, but the
research is not without its critics. See HELPING COURTS, supra note
1, Appendix B (“What Are the Key Criticisms of Implicit Bias
Research?”). There is much that scientists do not yet know. This
article and the full report on which it is based are offered as a starting point for courts interested in exploring implicit bias and
potential remedies, with the understanding that advances in technology and neuroscience promise continued refinement of knowledge about implicit bias and its effects on decision making and
behavior.
6. See HELPING COURTS, supra note 1, Appendix B (“How Is Implicit
Bias Measured”), for more information on measures of implicit
bias.
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Americans, approximately a third show a preference for
African-Americans, a third show a preference for European
Americans, and a third show no preference.7
There is evidence that judges are susceptible to these
implicit associations, too. One survey of judges found a strong
white preference on the IAT among white judges. Black judges
also followed the general population findings, showing no
clear preference overall (44% showed a white preference but
the preference was weaker overall).8
The question is whether these implicit associations can
influence, i.e., bias, an individual’s decisions and actions, and
there is growing evidence that the answer is yes. Research has
demonstrated that implicit bias can affect decisions regarding,
for example, job applicants,9 medical treatment,10 a suspect’s
dangerousness,11 and nominees for elected office.12
Law professor Jerry Kang gave this description of the potential problem this poses for the justice system:
Though our shorthand schemas of people may be
helpful in some situations, they also can lead to discriminatory behaviors if we are not careful. Given the
critical importance of exercising fairness and equality in
the court system, lawyers, judges, jurors, and staff
should be particularly concerned about identifying such
possibilities. Do we, for instance, associate aggressiveness with Black men, such that we see them as more
likely to have started the fight than to have responded in
self-defense?13
The problem is compounded by judges and other court professionals who, because they have worked hard to eliminate
explicit bias in their own decisions and behaviors, assume that
they do not allow racial prejudice to color their judgments. For
example, most, if not all, judges believe that they are fair and
objective and base their decisions only on the facts of a case (in
one study, for example, 97% of judges attending an educational
program rated themselves in the top half of the attendees—statistically impossible—in their ability to “avoid racial prejudice

7. See Anthony G. Greenwald & Linda H. Krieger, Implicit Bias:
Scientific Foundations, 94 CAL. L. REV. 945, 956-58 (2006).
8. See Jeffrey J. Rachlinski, Sheri Lynn Johnson, Andrew J. Wistrich,
& Chris Guthrie, Does Unconscious Racial Bias Affect Trial Judges?,
84 NOTRE DAME L. REV. 1195, 1209-11 (2009).
9. See, e.g., Marianne Bertrand & Sendhi L. Mullainathan, Are Emily
and Greg More Employable Than Lakisha and Jamal? A Field
Experiment on Labor Market Discrimination, 94 AMER. ECON. REV.
991 (2004); Jonathan C. Ziegert & Paul J. Hanges, Employment
Discrimination: The Role of Implicit Attitudes, Motivation, and a
Climate for Racial Bias, 90 J. APPLIED PSYCH. 553 (2005).
10. See, e.g., Alexander R. Green, Dana R. Carney, Daniel J. Pallin,
Long H. Ngo, Kristal L. Raymond, Lisa I. Iezzoni, & Mahzarin R.
Banaji, Implicit Bias Among Physicians and Its Prediction of
Thombolysis Decisions for Black and White Patients, 22 J. GEN.
INTERNAL MED. 1231 (2007).
11. See Joshua Correll, Bernadette Park, Charles M. Judd, & Bernard
Wittenbrink, The Police Officer’s Dilemma: Using Ethnicity to
Disambiguate Potentially Threatening Individuals, 83 J. PERSONALITY
& SOC. PSYCH. 1314 (2002); Joshua Correll, Bernadette Park,
Charles M. Judd, Bernard Wittenbrink, Melody S. Sadler, & Tracie

in decisionmaking”14). Judges and court professionals who
focus only on eliminating explicit bias may conclude that they
are better at understanding and controlling for bias in their
decisions and actions than they really are.
Law professor and social psychologist Jeffrey Rachlinski,
Judge Andrew Wistrich, and law professors Chris Guthrie and
Sheri Lynn Johnson also found preliminary evidence that
implicit bias affected judges’ sentences. Additional research is
needed to confirm these findings. More importantly for the
justice system, though, is their conclusion that “when judges
are aware of a need to monitor their own responses for the
influence of implicit racial biases, and are motivated to suppress that bias, they appear able to do so.”15 The next section
discusses potential strategies judges and court professionals
can use to address implicit bias.
REDUCING THE INFLUENCE OF IMPLICIT BIAS

Compared to the science on the existence of implicit bias
and its potential influence on behavior, the science on ways to
mitigate implicit bias is relatively young and often does not
address specific applied contexts such as judicial decision
making. Yet, it is important for strategies to be concrete and
applicable to an individual’s work to be effective; instructions
to simply avoid biased outcomes or respond in an egalitarian
manner are too vague to be helpful.16 To address this gap in
concrete strategies applicable to court audiences, the authors
reviewed the science on general strategies to address implicit
bias and considered their potential relevance for judges and
court professionals. They also convened a small-group discussion with judges and judicial educators (referred to here as the
Judicial Focus Group) to discuss potential strategies. These
efforts yielded seven general research-based strategies that may
help attenuate implicit bias or mitigate the influence of
implicit bias on decisions and actions.17
Strategy 1: Raise awareness of implicit bias. Individuals can
only work to correct for sources of bias that they are aware

Keesee, Across the Thin Blue Line: Police Officers and Racial Bias in
the Decision to Shoot, 92 J. PERSONALITY & SOC. PSYCH. 1006
(2007).
12. See Anthony G. Greenwald, Colin T. Smith, N. Sriram, Yoav BarAnan, & Brian A. Nosek, Implicit Race Attitudes Predicted Vote in
the 2008 U.S. Presidential Election, 9 ANALYSES SOC. ISSUES & PUB.
POL’Y 241 (2009); B. Keith Payne, Jon A. Krosnick, Josh Pasek,
Yphtach Leikes, Omair Ahktar, & Trevor Thompson, Implicit and
Explicit Prejudice in the 2008 American Presidential Election, 46 J.
EXPERIMENTAL PSYCH. 367 (2010).
13. JERRY KANG, IMPLICIT BIAS: A PRIMER FOR COURTS 2 (NAT’L CTR. FOR
STATE COURTS 2009).
14. See Rachlinski et al., supra note 8, at 1225-26.
15. See Rachlinski et al., supra note 8, at 1221.
16. See Nilanjana Dasgupta, David DeSteno, Lisa A. Williams, &
Matthew Hunsinger, Fanning the Flames of Prejudice: The Influence
of Specific Incidental Emotions on Implicit Prejudice, 9 EMOTION 585
(2009).
17. For more information about the strategies, see HELPING COURTS,
supra note 1, Appendix G.
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Strategy 1:
Potential Actions to Take
• Individual: Seek information
on implicit bias by attending
educational sessions, taking
the IAT, and reading relevant
research.
• Courts: Provide education on
implicit bias that includes
judicial facilitators/presenters, examples of implicit
bias across other professions, and exercises to make
the material more personally
relevant.

exist.18 Simply knowing
about implicit bias and its
potentially harmful effects on
judgment and behavior may
prompt individuals to pursue
corrective action.19 Although
awareness of implicit bias in
and of itself is not sufficient
to ensure that effective debiasing efforts take place,20 it
is a crucial starting point that
may prompt individuals to
seek out and implement
additional strategies.

Strategy 2:
Potential Actions to Take
• Individual: Participate in
diversity training that
focuses on multiculturalism,
associate with those committed to egalitarian goals,
and invest effort in identifying the unique characteristics of different members of
the same minority groups.
• Courts: Provide routine
diversity training that
emphasizes multiculturalism
and encourage court leaders to promote egalitarian
behavior as part of a
court’s culture.

ports egalitarian norms is
important in reducing individual-level implicit bias.
Note, however, that mandatory training or other imposed
pressure to comply with egalitarian standards may elicit
hostility and resistance from
some types of individuals,
failing to reduce implicit
bias.25
In addition to considering
and acknowledging group differences, individuals should
purposely compare and individuate stigmatized group
members. By defining individuals in multiple ways other
than in terms of race, implicit
bias may be reduced.26

Strategy 2: Seek to identify
and consciously acknowledge real group and individual differences. The popular “color blind” approach to
egalitarianism (i.e., avoiding or ignoring race; lack of awareness of and sensitivity to differences between social groups)
fails as an implicit-bias intervention strategy. “Color blindness”
actually produces greater implicit bias than strategies that
acknowledge race.21 Cultivating greater awareness of and sensitivity to group and individual differences appears to be a
more effective tactic: Training seminars that acknowledge and
promote an appreciation of group differences and multicultural viewpoints can help reduce implicit bias.22
Diversity-training seminars can serve as a starting point
from which court culture itself can change. When respected
court leadership actively supports the multiculturalism
approach, those egalitarian goals can influence others.23
Moreover, when an individual (e.g., a new employee) discovers that peers in the court community are more egalitarian, the
individual’s beliefs become less implicitly biased.24 Thus, a system-wide effort to cultivate a workplace environment that sup-

Strategy 3: Routinely check thought processes and decisions for possible bias. When individuals engage in loweffort information processing, they rely on stereotypes and produce more stereotype-consistent judgments than when
engaged in more deliberative, effortful processing.
(Bodenhausen, 1990). As a result, low-effort decision makers
tend to develop inferences or expectations about an individual
early on in the information-gathering process. These expectations then guide subsequent information processing:
Attention and subsequent recall are biased in favor of stereotype-confirming evidence and produce biased judgment.27
Expectations can also affect social interaction between the
decision maker (e.g., judge) and the stereotyped target (e.g.,
defendant), causing the decision maker to behave in ways that
inadvertently elicit stereotype-confirming behavior from the

18. See Timothy D. Wilson & Nancy Brekke, Mental Contamination
and Mental Correction: Unwanted Influences on Judgments and
Evaluations, 116 PSYCH. BULL. 117 (1994).
19. Cf. Green et al., supra note 10, at 1237 (finding support for the
IAT as an educational tool because most resident physicians were
“open to the idea that unconscious biases could affect their clinical decisions, and that learning more about these biases could
improve their care of patients” and that physicians who were
aware of the study’s focus seemed to modulate the effects of
implicit bias on their treatment decisions).
20. See Do-Yeong Kim, Voluntary Controllability of the Implicit
Association Test (IAT), 66 SOC. PSYCH. Q. 83 (2003).
21. See Evan P. Apfelbaum, Samuel R. Sommers, & Michael I. Norton,
Seeing Race and Seeming Racist? Evaluating Strategic Colorblindness
in Social Interaction. 95 J. PERSONALITY & SOC. PSYCH. 918 (2008).
22. See Laurie A. Rudman, Richard D. Ashmore, & Melvin L. Gary,
“Unlearning” Automatic Biases: The Malleability of Implicit
Prejudice and Stereotypes, 81 J. PERSONALITY & SOC. PSYCH. 856
(2001); Richard J. Nussbaum & Jennifer A. Richeson, The Impact
of Multiculturalism Versus Color-Blindedness on Racial Bias, 40 J.
EXPERIMENTAL SOC. PSYCH. 417 (2004).
23. See Henk Aarts, Peter M. Gollwitzer, & Ran R. Hassin, Goal

Contagion: Perceiving Is for Pursuing, 87 J. PERSONALITY & SOC.
PSYCH. 23 (2004).
24. See Gretchen B. Sechrist & Charles Stangor, Perceived Consensus
Influences Intergroup Behavior and Stereotype Accessibility, 80 J.
PERSONALITY & SOC. PSYCH. 645 (2001).
25. See E. Ashby Plant & Patricia G. Devine, Responses to OtherImposed Pro-Black Pressure: Acceptance or Backlash?, 37 J.
EXPERIMENTAL SOC. PSYCH. 486 (2001).
26. See, e.g., Maja Djikic, J. Ellen Langer, & Sarah F. Stapleton,
Reducing Stereotyping Through Mindfulness: Effects on Automatic
Stereotype-Activated Behaviors, 15 J. ADULT DEV. 106 (2008);
Sophie Lebrecht, Lara J. Pierce, Michael J. Tarr, & James W.
Tanaka, Perceptual Other-Race Training Reduces Implicit Racial
Bias, 4 PLOS ONE 4, e4215 (2009); Katja Corcoran, Tanja
Hundhammer, & Thomas Mussweiler, A Tool for Thought! When
Cooperative Thinking Reduces Stereotyping Effects, 45 J.
EXPERIMENTAL SOC. PSYCH. 1008 (2009).
27. See Galen V. Bodenhausen, Stereotypes as Judgmental Heuristics:
Evidence of Circadian Variations in Discrimination, 1 PSYCH. SCI.
319 (1990); John M. Darley & Paget H. Gross, A HypothesisConfirming Bias in Labeling Effects, 44 J. PERSONALITY & SOC.
PSYCH. 20 (1983).
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other person.28 Individuals
interested in minimizing the
impact of implicit bias on
their own judgment and
• Individual: Use decision-support tools such as note-taking, behaviors should actively
engage in more thoughtful,
checklists, and bench cards
deliberative
information
and techniques such as writprocessing. When sufficient
ing down the reasons for a
effort is exerted to limit the
judgment to promote greater
effects of implicit biases on
deliberative as opposed to
judgment, attempts to conintuitive thinking.
sciously control implicit bias
• Courts: Develop guidelines
can be successful.29
and/or formal protocols for
To do this, however, indidecision makers to check and
viduals must possess a cercorrect for implicit bias (e.g.,
tain degree of self-awaretaking the other person’s perness. They must be mindful
spective, imagining the person is from a non-stigmatized of their decision-making
processes rather than just
social group, thinking of
counter-stereotypic thoughts in the results of decision makthe presence of an individual
ing30 to eliminate distracfrom a minority social group). tions, to minimize emotional decision making, and
to objectively and deliberatively consider the facts at hand
instead of relying on schemas, stereotypes, and/or intuition.
Strategy 3:
Potential Actions to Take

Strategy 4: Identify distractions and sources of stress in the
decision-making environment and remove or reduce them.
Tiring (e.g., long hours, fatigue), stressful (e.g., heavy, backlogged, or very diverse caseloads; loud construction noise;
threats to physical safety; popular or political pressure about a
particular decision; emergency or crisis situations), or otherwise
distracting circumstances can adversely affect judicial performance.31 Specifically, situations that involve time pressure32 that
force a decision maker to form complex judgments relatively

28. See Carl O. Word, Mark P. Zanna, & Joel Cooper, The Nonverbal
Mediation of Implicit Attitudes, Motivation, and a Climate for Racial
Bias, 90 J. APPLIED PSYCH. 553 (2005).
29. See B. Keith Payne, Conceptualizing Control in Social Cognition:
How Executive Functioning Modulates the Expression of Automatic
Stereotyping, 89 J. PERSONALITY & SOC. PSYCH. 488 (2005);
Brandon D. Stewart & B. Keith Payne, Bringing Automatic
Stereotyping Under Control: Implementation Intentions as Efficient
Means of Thought Control, 34 PERSONALITY & PSYCH. BULL. 1332
(2008).
30. See Evan R. Seamone, Understanding the Person Beneath the Robe:
Practical Methods for Neutralizing Harmful Judicial Bias, 42
WILLAMETTE L. REV. 1 (2006).
31. See, e.g., Tracy D. Eells & Robert C. Showalter, Work-Related Stress
in American Trial Judges, 22 BULL. AMER. ACAD. PSYCH. & L. 71
(1994); L.R. Hartley & R.G. Adams, Effect of Noise on the Stroop
Test, 102 J. EXPERIMENTAL PSYCH. 62 (1974); Giora Keinan,
Decision Making Under Stress: Scanning of Alternatives Under
Controllable and Uncontrollable Threats, 52 J. PERSONALITY & SOC.
PSYCH. 639 (1987).
32. See, e.g., Ad van Knippenberg, Ap Dijksterhuis, & Diane
Vermeulen, Judgment and Memory of a Criminal Act: The Effects of
Stereotypes and Cognitive Load, 29 EURO. J. SOC. PSYCH. 191 (1999).

quickly33 or in which the decision maker is distracted and
cannot fully attend to incoming information34 all limit the
• Individual: Allow more time
ability to fully process case
on cases in which implicit
bias might be a concern by, information. Decision makers
for example, spending more who are rushed, stressed, distracted, or pressured are more
time reviewing the facts of
likely to apply stereotypes –
the case before committing
recalling facts in ways biased
to a decision; consider
by stereotypes and making
ways to clear your mind
more stereotypic judgments –
(e.g., through meditation)
and focus completely on the than decision makers whose
cognitive abilities are not simtask at hand.
ilarly constrained. A decision• Courts: Review areas in
maker may be more likely to
which judges and other
decision makers are likely to think in terms of race and use
implicit racial stereotypes35
be over-burdened and conbecause race often is a salient,
sider options (e.g., reorgai.e., easily-accessible, attribute.
nizing court calendars) for
modifying procedures to
In addition, certain emotional
provide more time for decistates (anger, disgust) can
sion making.
exacerbate implicit bias in
judgments of stigmatized
group members, even if the
source of the negative emotion has nothing to do with the current situation or with the issue of social groups or stereotypes
more broadly.36 Happiness may also produce more stereotypic
judgments, though this can be consciously controlled if the person is motivated to do so.37
Given all these potential distractions and sources of stress,
decision makers need enough time and cognitive resources to
thoroughly process case information to avoid relying on intuitive reasoning processes that can result in biased judgments.
Strategy 4:
Potential Actions to Take

33. See, e.g., Galen V. Bodenhausen & Meryl Lichtenstein, Social
Stereotypes and Information-Processing Strategies: The Impact of
Task Complexity, 52 J. PERSONALITY & SOC. PSYCH. 871 (1987).
34. See, e.g., Daniel T. Gilbert & J. Gregory Hixon, The Trouble of
Thinking: Activation and Application of Stereotypic Beliefs, 60 J.
PERSONALITY & SOC. PSYCH. 509 (1991); Jeffrey W. Sherman,
Angela Y. Lee, Gayle R. Bessenoff, & Leigh A. Frost, Stereotype
Efficiency Reconsidered: Encoding Flexibility Under Cognitive Load,
75 J. PERSONALITY & SOC. PSYCH. 589 (1998).
35. See C. Neil Macrae, Galen V. Godehausen, & Alan B. Milne, The
Dissection of Selection in Person Perception: Inhibitory Processes in
Social Stereotyping, 69 J. PERSONALITY & SOC. PSYCH. 397 (1995);
Jason P. Mitchell, Brian A. Nosek, & Mahzarin R. Banaji,
Contextual Variations in Implicit Evaluation, 132 J. EXPERIMENTAL
PSYCH.: GEN. 455 (2003).
36. See, e.g., Dasgupta et al., supra note 16; David DeSteno, Nilanjana
Dasgupta, Monica Y. Bartlett, & Aida Cajdric, Prejudice from Thin
Air: The Effect of Emotion on Automatic Intergroup Attitudes, 15
PSYCH. SCI. 319 (2004).
37. See Galen V. Bodenhausen, Geoffrey P. Kramer, & Karin Susser
Happiness and Stereotypic Thinking in Social Judgment, 66 J.
PERSONALITY & SOC. PSYCH. 621 (1994).

Court Review - Volume 49 67

Strategy
5:
Identify
sources of ambiguity in the
decision-making context
and establish more con• Individual: Commit to decicrete standards before
sion-making criteria before
engaging in the decisionreviewing case-specific informaking process. When the
mation .
basis for judgment is some• Courts: Develop protocols
what vague (e.g., situations
that identify potential sources
that call for discretion; cases
of ambiguity; consider the
that involve the application
pros (e.g., more understandof new, unfamiliar laws),
ing of issues) and cons (e.g.,
biased judgments are more
familiarity may lead to less
likely.
Without more
deliberative processing) of
explicit, concrete criteria for
using judges with special
decision making, individuexpertise to handle cases
als tend to disambiguate the
with greater ambiguity.
situation using whatever
information is most easily accessible—including stereotypes.38
In cases involving ambiguous factors, decision makers
should preemptively commit to specific decision-making criteria (e.g., the importance of various types of evidence to the
decision) before hearing a case or reviewing evidence to minimize the opportunity for implicit bias.39 Establishing this
structure before entering the decision-making context will
help prevent constructing criteria after the fact in ways biased
by implicit stereotypes but rationalized by specific types of evidence (e.g., placing greater weight on stereotype-consistent
evidence in a case against a black defendant than one would in
a case against a white defendant).
Strategy 5:
Potential Actions to Take

Strategy 6: Institute feedback mechanisms. Providing egalitarian consensus information (i.e., information that others in
the court hold egalitarian beliefs rather than adhere to stereotypic beliefs) and other feedback mechanisms can be powerful
tools in promoting more egalitarian attitudes and behavior in
the court community. To encourage individual effort in
addressing personal implicit biases, court administration may
opt to provide judges and other court professionals with relevant performance feedback. As part of this process, court
administration should consider the type of judicial decision-

38. See, e.g., John F. Dovidio & Samuel L. Gaertner, Aversive Racism
and Selection Decisions: 1989 and 1999, 11 Psych. Sci. 315, 318
(2000); James D. Johnson, Erik Whitestone, Lee Anderson
Jackson & Leslie Gatto, Justice Is Still Not Colorblind: Differential
Effects of Exposure to Inadmissible Evidence, 21 Personality & Soc.
Psych. Bull. 893 896-98 (1995).
39. See Eric L. Uhlmann & Geoffrey L. Cohen, Constructed Criteria:
Redefining Merit to Justify Discrimination, 16 Psych. Sci. 474
(2005).
40. See, e.g., Leanne S. Son Hing, Winnie Li, & Mark P. Zanna,
Inducing Hypocrisy to Reduce Prejudicial Response Among Aversive
Racists, 38 J. EXPERIMENTAL SOC. PSYCH. 71 (2002).
41. Cf. Saaid A. Mendoza, Peter M. Gollwitzer, & David M. Amodio,
Reducing the Expression of Implicit Stereotypes: Reflexive Control
Through Implementation Intentions, 36 PERSONALITY & SOC. PSYCH.
BULL. 512 (2010) at 512 (finding that study participants given
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making data currently available or easily obtained that
would offer judges meaningful but nonthreatening feed• Individual: Seek feedback
back on demonstrated
through, for example, particibiases. Transparent feedback
pating in a sentencing round
from regular or intermittent
table discussing hypothetical
peer reviews that raise percases or consulting with a
skilled mentor or senior judge sonal awareness of biases
could prompt those with
about handling challenging
egalitarian motives to do
cases; ask for feedback from
more to prevent implicit
colleagues, supervisors and
bias in future decisions and
others regarding past performance; document and review actions.40 This feedback
should include concrete
the underlying logic of decisuggestions on how to
sions to ensure their soundimprove performance41 and
ness.
• Courts: Periodically review a could also involve recognition of those individuals
judge’s case materials and
who display exceptional
provide feedback and suggestions for improvement as
fairness as positive reinneeded; develop a bench-bar forcement.
committee to oversee an inforFeedback tends to work
mal internal grievance
best when it (a) comes from
process and work with judges a
legitimate, respected
as needed; convene sentencauthority, (b) addresses the
ing round tables to discuss
person’s decision-making
hypothetical cases involving
process rather than simply
implicit bias issues and
the decision outcome, and
encourage more deliberate
(c) when provided before
thinking.
the person commits to a
decision rather than afterwards, when he or she has already committed to a particular
course of action.42 Note, however, that feedback mechanisms
that apply coercive pressure to comply with egalitarian standards can elicit hostility from some types of individuals and
fail to mitigate implicit bias.43 By inciting hostility, these
imposed standards may even be counterproductive to egalitarian goals, generating backlash in the form of increased explicit
and implicit prejudice.44
Strategy 6:
Potential Actions to Take

instructions to develop specific implementation intentions—in
which a specific behavioral response is linked to an anticipated
situational cue—demonstrated improved performance accuracy
and less implicit stereotyping in the Shooter Task, a reaction time
measure of implicit bias, compared to participants who were simply prompted with a general accuracy goal); Kim, supra note 20 at
91 (finding that study participants given specific instructions for
trying to fake the results of an IAT were more successful than participants given no or only general instructions for faking results).
42. For a review on feedback effects, see Jennifer S. Lerner & Philip E.
Tetlock, 125 PSYCH. BULL. 255 (1999).
43. See, e.g., Plant & Devine, supra note 25.
44. See Lisa Legault, Jennifer N. Gutsell, & Michael Inzlicht, Ironic
Effects of Antiprejudice Messages: How Motivational Interventions
Can Reduce (But Also Increase) Prejudice, 22 PSYCH. SCI. 1472
(2011).

Strategy 7: Increase exposure to stigmatized group
members and counterstereotypes and reduce
• Individual: View images
(e.g., by hanging photos, cre- exposure to stereotypes.
Increased contact with
ating new screen savers and
counter-stereotypes—specifdesk top images) of admired
ically, increased exposure to
individuals (e.g., Martin
stigmatized group members
Luther King, Jr.) of the stereothat contradict the social
typed social group; spend
stereotype—can help indimore time with individuals
viduals negate stereotypes,
who are counter-stereotypic
affirm counter-stereotypes,
role models; practice making
and “unlearn” the associapositive, i.e., counter-stereotypic, associations, with mem- tions that underlie implicit
bias. “Exposure” can include
bers of minority social
imagining counter-stereogroups.
types,45 incidentally observ• Courts: Assess visual and
ing counter-stereotypes in
auditory communications for
the environment,46 engaging
implicit bias and modify to
convey egalitarian norms and with
counter-stereotypic
present counter-stereotypic
role models,47 or extensive
information; increase reprepractice making countersentation of stigmatized
stereotypic associations.48
social groups in valued,
For individuals who seek
authoritative roles in the court greater
contact
with
to foster positive intergroup
counter-stereotypic individrelations and provide immedi- uals, such contact is more
ately accessible countereffective when the counterstereotype examples.
stereotype is of at least equal
status in the workplace.49
Moreover, positive and meaningful interactions work best:
Cooperation is one of the most powerful forms of debiasing
contact.50
In addition to greater contact with counter-stereotypes,
this strategy also involves decreased exposure to stereotypes.
Certain environmental cues can automatically trigger stereotype activation and implicit bias. Images and language that
are a part of any signage, pamphlets, brochures, instructional

manuals, background music, or any other verbal or visual
communications in the court may inadvertently activate
implicit biases because they convey stereotypic information.51 Identifying these communications and removing them
or replacing them with non-stereotypic or counter-stereotypic information can help decrease the amount of daily
exposure court employees and other legal professionals have
with the types of social stereotypes that underlie implicit
bias.

45. See Irene V. Blair, Jennifer E. Ma, & Alison P. Lenton, Imagining
Stereotypes Away: The Moderation of Implicit Stereotypes Through
Mental Imagery, 81 J. PERSONALITY & SOC. PSYCH. 828 (2001).
46. See Nilanjana Dasgupta & Anthony G. Greenwald, On the
Malleability of Automatic Attitudes: Combatting Automatic Prejudice
with Images of Admired and Disliked Individuals, 81 J. PERSONALITY
& SOC. PSYCH. 800 (2001); Michael A. Olson & Russell H. Fazio,
Reducing Automatically Activated Racial Prejudice Through Implicit
Evaluative Conditioning, 32 PERSONALITY & SOC. PSYCH. BULL. 421
(2006).
47. See Nilanjana Dasgupta & Luis M. Rivera, When Social Context
Matters: The Influence of Long-Term Contract and Short-Term
Exposure to Admired Group Members on Implicit Attitudes and
Behavioral Intentions, 26 SOC. COGNITION 54 (2008); Nilanjana
Dasgupta & Shaki Asgari, Seeing Is Believing: Exposure to
Counterstereotypic Women Leaders and Its Effect on the Malleability
of Automatic Gender Stereotyping, 40 J. EXPERIMENTAL SOC. PSYCH.
642 (2004).
48. See Kerry Kawakami, John F. Dovidio, Jasper Moll, Sander
Hermsen, & Abby Russin, Just Say No (to Stereotyping): Effects of

Training in the Negation of Stereotypic Associations on Stereotype
Activation, 78 J. PERSONALITY & SOC. PSYCH. 871 (2000).
49. See Thomas F. Pettigrew & Linda R. Tropp, A Meta-Analytic Test of
Intergroup Contact Theory, 90 J. PERSONALITY & SOCIAL PSYCH. 751
(2006).
50. See, e.g., MUZAFER SHERIF, O.J. HARVEY, B. JACK WHITE, WILLIAM R.
HOOD, & CAROLYN W. SHERIF, INTERGROUP CONFLICT AND
COOPERATION: THE ROBBERS CAVE EXPERIMENT (1961 ed.).
51. See Patricia G. Devine, Stereotypes and Prejudice: Their Automatic
and Controlled Components, 56 J. PERSONALITY & SOC. PSYCH. 5
(1989); Laurie A. Rudman & Matthew R. Lee, Implicit and Explicit
Consequences of Exposure to Violent and Misogynous Rap Music, 5
GROUP PROCESSES & INTERGROUP REL. 133 (2002). For examples of
how such communications can prime stereotypic actions and
judgments, see JERRY KANG & MAHZARIN R. BANAJI, FAIR MEASURES:
A BEHAVIORAL REALIST REVISION OF “AFFIRMATIVE ACTION” (2006).
52. See Devine, supra note 51.
53. Devine, supra note 51, at 16.
54. Bridget M. Law, Retraining the Biased Brain, 42 MONITOR ON PSYCH.
42, 43 (2011).

Strategy 7:
Potential Actions to Take

CONCLUSION

Research shows that individuals develop implicit attitudes
and stereotypes as a routine process of sorting and categorizing the vast amounts of sensory information they encounter on
an ongoing basis. Implicit, as opposed to explicit, attitudes and
stereotypes operate automatically, without awareness, intent,
or conscious control, and can operate even in individuals who
express low explicit bias.52 Because implicit biases are automatic, they can influence or bias decisions and behaviors, both
positively and negatively, without an individual’s awareness.
This phenomenon leaves open the possibility that even those
dedicated to the principles of a fair justice system may, at
times, unknowingly make crucial decisions and act in ways
that are unintentionally unfair. Thus although courts may have
made great strides in eliminating explicit or consciously
endorsed racial bias, they, like all social institutions, may still
be challenged by implicit biases that are more difficult to identify and change.
Psychology professor Patricia Devine argues that “prejudice
need not be the consequence of ordinary thought processes” if
individuals actively take steps to avoid the influence of implicit
biases on their behavior.53 Avoiding the influence of implicit
bias, however, is an effortful, as opposed to automatic, process
and requires intention, attention, and time. Combating implicit
bias, much like combating any habit, involves “becoming aware
of one’s implicit bias, being concerned about the consequences
of the bias, and learning to replace the biased response with
non-prejudiced responses—ones that more closely match the
values people consciously believe that they hold.”54
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Once judges and court professionals become aware of
implicit bias, examples of strategies they can use to help combat it and encourage egalitarianism are:
• Consciously acknowledge group and individual differences (i.e., adopt a multiculturalism approach to
egalitarianism rather than a color-blindness strategy
in which one tries to ignore these differences);
• Routinely check thought processes and decisions for
possible bias (i.e., adopt a thoughtful, deliberative,
and self-aware process for inspecting how one’s decisions are made);
• Identify sources of stress and reduce them in the decision-making environment;
• Identify sources of ambiguity and impose greater
structure in the decision-making context;
• Institute feedback mechanisms; and
• Increase exposure to stereotyped group members
(e.g., seek out greater contact with the stigmatized
group in a positive context).
Those dedicated to the principles of a fair justice system
who have worked to eliminate explicit bias from the system
and in their own decisions and behaviors may nonetheless be
influenced by implicit bias. Providing information on implicit
bias offers judges and court staff an opportunity to explore this
possibility and to consider strategies to address it. It also provides an opportunity to engage judges and court professionals
in a dialog on broader race and ethnic fairness issues in a
thoughtful and constructive manner:
Recognizing that implicit bias appears to be relatively
universal provides an interesting foundation for broadening discussions on issues such as minority over-representation, disproportionate minority contact, and gender or age discrimination. In essence, when we look at
research on social cognitive processes such as implicit
bias we understand that these processes are normal
rather than pathological. This does not mean we should
use them as an excuse for prejudice or discrimination.
Rather, they give us insight into how we might go about
avoiding the pitfalls we face when some of our information processing functions outside of our awareness.55

55. Shawn Marsh, The Lens of Implicit Bias, 18 JUV. & FAMILY J. TODAY
16, 18 (2009)(acronyms omitted).
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Abstract
Attitudes towards social groups such as women and racial minorities have
been shown to be important determinants of individual’s decisions, but are hard
to measure for those in policy-making roles. In this paper, we study attitudes towards gender in the United States judiciary as expressed in written language.
Using the universe of published opinions in U.S. Circuit Courts 1880-2013, we
construct a measure of language bias by looking at the relative co-occurrence of
sentiment words (e.g. positive versus negative, career versus family) and words
identifying gender. We find that judicial language displays lexical gender bias,
although it has decreased among more recent judge cohorts. Having daughters
and increased exposure to female judges in a court reduce bias. Judges with lexical bias vote more conservatively on women rights’ issues and are more likely
to reverse lower-court decisions authored by women. These results are robust
to adjusting for a wide variety of biographical covariates, and we find similar
results for U.S. Congressmen using speech transcripts.

1

Introduction

Stereotypes can be a powerful determinant of individual decisions. Attitudes toward
given social groups, most notably women and racial minorities, have been shown
to be highly predictive of judgments and choices (Bertrand et al., 2005): physician
treatments (Green et al., 2007), voting (Friese et al., 2007), hiring decisions (Rooth,
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2010), employer-employee interactions (Glover et al., 2017), and teacher effectiveness
(Carlana, 2018). Do attitudes toward social group influence the decision making
of those with the power to influence policy as well? We address the question by
studying whether and how bias affects decision making in a high-stakes setting: the
judicial system in the United States.
Judges play a major common-law policy-making role. A large literature documents that ideological and biographical characteristics of judges matter (Boyd and
Spriggs II, 2009; Glynn and Sen, 2015; Kastellec, 2013; Sunstein et al., 2006), suggesting that judges’ preferences directly affect their decisions. Judge decisions are often
highly predictable, in the sense that some judges are systematically more or less lenient, which hints at snap or pre-determined judgments (Chen et al. 2017), and/or
the use of heuristics/stereotypes where salient attributes determine decisions (Bordalo et al., 2015; Gabaix, 2014).
Research concerning stereotypes in social psychology, economics, and other social sciences generally measures attitudes using Implicit Association Tests (Greenwald et al., 1998), where subjects are asked to assign words to categories and reaction times are compared across trials when pairings are consistent with stereotypes
vs. when they are not. Unfortunately, IATs are not generally available for judges
or other actors in policy making roles, which makes measuring attitudes a major
challenge to answering the research question.
In this paper, we propose a way to address the challenge that exploits a unique
feature of our setting – the large corpus of written text that is available for appellate
judges. Text can provide important insight into human social psychology. In Google
Translate, “he/she is a doctor” in Turkish (which does not have a gender-specific
pronoun) becomes “he is a doctor” in English, and “he/she is a nurse” becomes
“she is a nurse”. This divergence occurs because doctors are more often represented
as male and nurses as female in English-language corpora – that is, English-language
corpora display language bias. In this vein, we proxy judges’ attitudes toward gender by measuring the degree of language bias that is displayed by their writing.
The language context is the universe of U.S. Circuit Court opinions for the years
1880 through 2013 linked to their authoring judge. Building on recent machine learning applications aimed at measuring semantic biases in text corpora (Caliskan et al.,
2017) and a number of technical insights from the applied natural language processing literature (e.g. Antoniak and Mimno, 2018), our measure proxies for attitudes
toward gender by looking at the relative co-occurrence of attribute words (e.g. posi2

tive versus negative, family versus career) and words that identify gender (e.g. man
versus woman). When stereotypical associations are more likely to be found in the
text written by a specific judge relative to the non-stereotypical one, we are going
to identify lexical bias. We focus on two set of attitudes: (1) association of men
with positive and women with negative, and (2) association of men with career and
women with family.
Our results can be summarized as follows. First, we find lexical bias for this corpus, as prior studies have found for internet corpora and for Google News (Caliskan
et al., 2017; Garg et al., 2018). In the aggregate, implicit associations extend to legal
language as in general language.
Second, we take the sample of judges with large corpora of opinions, and form
judge-specific lexical bias measures. We then look at which biographical characteristics of judges are correlated with bias. We find that judge birth cohort is a major
determinant of lexical bias, with older judges displaying more stereotypical attitudes
in their writing.
Third, we take our bias measure as an outcome and look at what can change
it. We find, consistent with previous work that having daughters reduces sexism
(Glynn and Sen, 2015; Washington, 2008), that having daughters reduces lexical bias
among judges. In addition, when female representation (proportion female judges)
increases in a court, language bias among male judges decreases.
Fourth, we look at how lexical gender bias relates to decisions in gender-relevant
cases. We find that more lexically biased judges tend to vote more conservatively on
abortion and sex discrimination decisions. These results are essentially unchanged
adjusting for a wide range of biographical covariates and replicate in two different
existing legal databases hand-coded for vote direction. Importantly, random assignment of judges ensures that these differences are not driven by judges selecting into
different types of cases.
For each of these four sets of analyses, we find the same qualitative patterns in
a different dataset with a different set of policymakers, U.S. Congressmen. Using
the universe of floor speeches in the U.S. Congress for the years 1870 through 2016,
we show that there is (male-positive, female-negative) implicit gender bias in the
aggregate, and that it is higher among male, Protestant, older Congressmen. In addition, this measure correlates with conservative voting on women’s rights bills after
controlling for a large number of observables.
Is lexical bias implicit or explicit? To get at this question, we note the following. If
3

lexical bias (exhibiting higher implicit attitudes) is driven by inattention, then higher
lexical bias would be correlated with other forms of inattention-related biases. If lexical bias is primarily explicit (that is, judges purposefully use gender stereotypes),
then it would not be systematically related to these other biases. In our data on
judges, we have access to another measure of judge bias from Berdejo and Chen
(2016), who show that some judges dissent more frequently in the 9 months leading
up to an election (indicating sensitivity to exogenous factors driving partisan political bias). We find that judges with stronger lexical bias also tend to dissent more
during electoral cycles, consistent with implicit bias due to behavioral inattention.
Finally, we examine whether judges with different levels of lexical bias differ in
their treatment of female judges. We find that judges with higher positive-negative
WEAT scores are more likely to reverse lower-court decisions authored by a female
judge. Panels randomly composed of judges with high lexical bias are more likely
to have females authoring the opinion. Judges with higher lexical bias make fewer
citations to female judges, but this effect is due to judicial birth cohort. The share of
citations to female judges is 4% larger for female authors relative to male authors,
renewing the question of what it means for judges to follow legal precedent if they
cherry-pick their precedent.
As in all areas of human decision-making, implicit attitudes will play some role
in the decisions of judges and other policymakers. What this research adds is an
empirical measure, using the work outputs of judges, that can distinguish judges by
their use of biased language. We have shown that the gender bias measure correlates with judge characteristics and judge decision-making in ways that are consistent with higher prejudice toward women. These types of measures could provide
a useful framework to help judges and other policymakers address the impacts of
prejudice in the legal system and in the policymaking process.

2
2.1

Literature Review
Implicit Attitudes

A growing literature in the social sciences has begun to document the relationship
between implicit attitudes and decisions. Implicit attitudes toward racial minorities
are predictive of police reaction time in shooting simulations (Correll et al. 2002),
of how physicians’ make clinical decisions for minority patients (Green et al., 2007),
4

and of minority patients’ feelings after interacting with those physicians (Penner et
al. 2010). Friese et al. (2007) show that implicit attitudes are predictive of subsequent
voting. In hiring studies, IAT scores predict differential screening rates of resumes
(Bertrand et al. 2005) and differential rates of call-backs for job applications (Rooth,
2010). Glover et al. (2017) show that when assigned to biased managers, minoritygroup cashiers tend to under-perform. The evidence is consistent with less managerworker interaction being the key mechanism (McConnell and Leibold, 2001; Dovidio
et al., 2002; Hebl et al., 2002; Dovidio and Gaertner, 2008).
Carlana (2018) shows that the IAT of teachers correlate with differences in math
performance of boys and girls, while Beaman et al. (2009) show that exposure to
women leaders changes IAT scores. A recent literature in economics has begun to
inquire into how female economists fare differently in the refereeing and tenure process (Card et al. 2018; Hemel 2018, Sarsons 2019, Bohren et al. 2018).

2.2

Text as Data

Another literature that this paper contributes to is the work on understanding human motivations and preferences using written or spoken natural language. This
literature seeks to represent natural language objects (words, phrases, and documents) in a vector space and analyze their spatial relations, for instance in order to
detect biases.
In the past, the common approach was qualitatively oriented, with either a deep
reading of the text or a subjective coding of important themes (see Glaser and Strauss
(2017) for an example of the latter approach). However, these approaches lack a rigorous method to replicate them (Ricoeur, 1981; DiMaggio, 1997). As a consequence,
more formal methods to analyse texts were developed (Andrade, 1995; Mohr, 1998),
with semantic networks and topic modeling being the favourites in this regard. The
first method perceives words as nodes in a network and textual co-occurences as
links (Kaufer and Carley, 1993; Carley, 1994; Corman et al., 2002; Pachucki and
Breiger, 2010; Lee and Martin, 2015). Topic modeling discovers underlying topics
and themes through an inductive method (Blei et al., 2003; Blei, 2012; DiMaggio et al.,
2013; Mohr and Bogdanov, 2013). Recent approaches have gone beyond the traditional network or topic methods by mapping word relations into a high-dimensional
vector space (Mikolov et al., 2013; Pennington et al., 2014). This method is generally
called word embedding.
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Since word embedding generally positions connected words close to each other,
it can be used to detect biases. Kulkarni et al. (2015) use the method to trace the environment of the word gay through the 20th century. Another approach to word embeddings is to analyse analogies that computers induce from texts (Bolukbasi et al.,
2016; Caliskan et al., 2017). A further refinement of the method is to translate text
into a hyperbolic space whereby not only analogies but also more general word connections are possible to detect (Handler, 2014; Rei and Briscoe, 2014).
The results of word embedding associations have been shown to be close to results of implicit association tests, thus suggesting that they can help to detect unconscious attitudes (Caliskan et al., 2017). Garg et al. (2018) trace for example gender
and ethnic stereotypes over time. Kozlowski et al. (2018) present word embedding
as a method to detect class and gender biases. The current paper seeks to apply these
methods to judicial and legislative texts and to see how they are related to policy decisions.

3
3.1

Data and Methodology
U.S. Circuit Court Data

This paper utilizes a dataset on all 380,000 published decisions (over a million judge
votes) in U.S. Circuit Courts since 1880. We have the raw text of these cases for
natural language analysis, as well as the full citation network between the cases. We
have detailed metadata for each case, from which we use in particular the court,
publication date, judges on the panel, and authoring judge.
The cases are linked to biographical information on the judges obtained from existing datasets, which include 677 Circuit judges. The data measure birth year, gender, race, religion, and political affiliation of appointing president. When possible,
we additionally merge these data with information on whether judges have children,
and their gender, from Glynn and Sen (2015). Finally, we have biographical data on
District Court judges, from which we use gender.

3.2

Word Embeddings

We model language using word embeddings. Word embeddings represent words as
dense, relatively low-dimensional vectors in a Euclidean space. In our implemen6

tation of the GloVe model (Pennington et al., 2014), a very sparse term frequency
matrix with 50,000 columns (representing counts for a vocabulary of 50,000 words)
is reduced to a dense embedding matrix with just 300 dimensions. The model’s objective function is to predict a window of neighboring words around a given word.
As a result, words with similar meaning have similar vector representations (i.e. are
represented by vectors with a high cosine similarity). Word embeddings preserve
semantic relations.
Model prep and training work as follows. First, we clean the raw text (e.g. removing HTML markup and citations) so that each opinion is represented as a list of
words, segmented by sentence. Then, we remove from these lists uncommon words
that are not part of the chosen vocabulary. These lists of words provide the inputs
for the embeddings model. We train GloVe vectors using a Python implementation.
Key parameters are: 20 epochs, 300 dimensional vectors, 0.05 learning rate, window
of 10 words.
We train global embedding models based on the full corpus. We also train judgespecific word embedding models in which opinions written by each individual are
treated as a separate corpus. A challenge when training individual-specific embeddings is that, as shown in Antoniak and Mimno (2018), embeddings trained on relatively small corpora might be sensitive to specific documents included in the corpus.
To help address this issue, we restrict the sample to individuals that have a corpus
of at least 250’000 separate tokens after cleaning.1 In addition, we train embeddings
while bootstrapping the corpus, as suggested in Antoniak and Mimno (2018). To
this end, sentences are treated as documents and sampled with replacement. As
shown in Antoniak and Mimno, documents segmented at the sentence level produce embeddings with less variability across bootstrapped samples, compared to
larger segments. The number of sentences we include in each bootstrapped sample
is the same as the number of total sentences written by the individual. We use 25
bootstrapped samples in the full corpus, and then 10 bootstrapped samples in the
individual-level corpora.
1 We

explored robustness to selecting different thresholds and most of our results hold with more
than 100,000 tokens.
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Table 1: Classification Accuracy of Group-Distinctive Names using Cutoff Rule

Gender

3.3

% correctly identified
96.50

F1 score
0.965

Using Word Embeddings to Identify Cultural Dimensions in
Language

A key feature of word embeddings is that they are constructed in a space that respects Euclidean geometry. This means that, as pointed out by Kozlowski et al.
(2018), it is possible to identify semantic or cultural dimensions as vectors that define
a “step” in a particular direction. For example, we can identify a gender dimension
as a vector that takes a step from female toward male. As a result, calculating cosine
similarities of other words to these dimensions allows us to extrapolate meaning and
understand how words are connotated along these dimensions.
Following Kozlowski et al. (2018), we identify a cultural dimension starting from
a set of word pairs “such that the difference between each word in a pair is a step
along the dimension of interest.” The dimension is constructed by taking the average
of the vector difference between all pairs:
| P|

∑p


−
→
→
p1−−
p2
| P|

where ~p1 and ~p2 represent the vector endpoints for the two comparison words (e.g.
“man” and “woman”).
Using this method, we focus on a gender dimension (male/female). To validate
the method and check that the gender cultural dimension does convey meaning,
we projected names onto the dimension and tested whether they can be correctly
classified using a cutoff rule. We find that sorting names by their cosine similarity,
and predicting whether a first name is a male or female name based on whether
the cosine similarity with the gender dimension is positive or negative, does indeed
recover the correct classification in the vast majority of the cases. This is shown in
Table 1.
Using the same method applied to different sets of word pairs, we construct two
attribute dimensions: a positive/negative dimension and career/family dimension.
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3.4

Testing for Cultural Associations using Word Embeddings

To formally test whether there exists an association between the gender dimension
and the two attribute dimensions, we use the Word Embedding Association Test
developed by Caliskan et al. (2017). The idea behind WEAT is to test whether stereotypical associations are more likely to occur than non-stereotypical ones. More precisely, given two sets of target words (e.g. male and female words) and two set of
attribute words (e.g. positive and negative words), WEAT asks whether there is a
difference between the relative similarity of two set of target words with respect to
the two sets of attribute words.
More formally, let X, Y be the two sets of target words and A, B be the two set of
attribute words. Then, the WEAT test statistic is defined as:

WEAT =

∑ s(x, A, B) − ∑ s(y, A, B)

x∈X

y∈ X

s(w, A, B) = meana∈ A cos(w, a) − meanb∈ B cos(w, b)
where cos(w, a) is the cosine similarity between the two word vectors w and a. To
enhance comparability across embeddings, we also define a WEAT effect size, which
normalizes the WEAT score by the standard deviation of the cosine similarity across
all target vectors, as follows:
WEAT =

∑ x∈X s( x, A, B) − ∑y∈X s(y, A, B)
SDw∈W s(w, A, B)

The sets of target and attribute words we use are the same as the ones used to define the dimension poles, ordered such that a higher value of the score corresponds to
a stronger stereotypical association (male/positive versus female/negative; male/career
versus female/family). We compute WEAT score effect sizes for all embeddings, and
assign to each judge the median WEAT effect size across the bootstrapped samples.

4

Cultural Dimensions in Judicial Language

We begin by studying implicit attitudes in judicial language using global embeddings trained on the full corpus of Circuit Court opinions.
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Figure 1: Words with Strongest Male/Female Associations in Judicial Corpus

(a) Male

(b) Female

Notes: The graphs show the top 50 words associated with the gender dimension. The graph to the left shows words most
strongly associated with the male pole of the dimension, while the graph to the right shows words most associated to the female
pole of the dimension. The larger the size of the word, the strongest the cosine similarity between the vector representing the
word and the vector representing each pole of the dimension. The graphs are based on word embeddings from a randomly
selected bootstapped sample on the full corpus.

4.1

Most Similar Words

To understand how cultural dimensions are used in our corpora, we look at what
words have the highest similarity to either direction of the dimension (e.g. the direction pointing to female versus the direction pointing to male) we consider. This
provides a first measure of how the dimensions are connotated in our corpus. We
present the results using word clouds in which the larger the word, the stronger the
cosine similarity of the adjectives with the respective vector. The examples here are
from a randomly selected bootstrap sample of the judicial corpus.
We begin by looking at the gender dimension. The two panels of Figure 1 show
words that are more strongly correlated with male gender (left panel) and female
gender (right panel). Words associated with the male gender not surprisingly include some of the target words used to identify the dimension (e.g. man, he, his,
him), words related to the judicial system (e.g. defendant, appellant, court), but also
some stereotypical associations (e.g. honorable, industrial, conscientious). Words
associated with the female gender include again some of the target words used to
identify the dimension (e.g. woman, her, women) but also interestingly many words
associated with family (e.g. pregnancy, infertility, ex-husband).
Figure 2 shows word clouds constructed in the same way for the positive (panel
to the left) and negative (panel to the right) poles of the respective attribute dimension. Reassuringly, most similar words associated to the dimension make intu10

Figure 2: Words with Strongest Positive/Negative Associations in Judicial Corpus

(a) Positive

(b) Negative

Notes: The graphs show the top 50 words associated with the positive dimension. The graph to the left shows words most
strongly associated with the positive pole of the dimension, while the graph to the right shows words most associated to
the negative pole of the dimension. The larger the size of the word, the strongest the cosine similarity between the vector
representing the word and the vector representing each pole of the dimension. The graphs are based on word embeddings
from a randomly selected bootstapped sample on the full corpus.

itive sense. Words with the most positive connotation include substantial, opportunity, considerable, respect, while words with the most negative connotation include
warped, corroded, fishy, impertinent.
Similarly, Figure 3 shows word clouds for the career (panel to the left) and family
(panel to the right) poles of the respective attribute dimension. Again, words most
closely associated with the career pole of the dimension are all about employment
(e.g. employment, salaried, welder), while those most closely associated with the
family pole related to the home (e.g. children, mother, grandmother), although not
all of them place it in a positive light (e.g. Gambino, Cutolo - family names related
to organized crime). Overall, the word clouds show that the types of implicit social
attributes that we are trying to measure come through quite well in the language
associations.

4.2

Gender Associations

In this section, we show some suggestive association between the gender dimension
and the two attribute dimensions by showing the attribute connotation of words
with a strong gender connotation: the most common male and female first names
from the 1990 census (the most recent census for which this information is available). For each name, we consider the median similarity across the 25 bootstrap
samples of the global embeddings. Figure 4 visually presents the results. The x11

Figure 3: Words with Strongest Career/Family Associations in Judicial Corpus

(a) Career

(b) Family

Notes: The graphs show the top 50 words associated with the career/family dimension. The graph to the left shows words
most strongly associated with the career pole of the dimension, while the graph to the right shows words most associated
to the family pole of the dimension. The larger the size of the word, the strongest the cosine similarity between the vector
representing the word and the vector representing each pole of the dimension. The graphs are based on word embeddings
from a randomly selected bootstapped sample on the full corpus.

axis reports the cosine similarity between the vector representing a given first name
and the vector representing the gender dimension. Higher values (further to the
right) correspond to names with a stronger male connotation and lower values (further to the left) correspond to a stronger female connotation. The y-axis reports the
cosine similarity between the name and a corresponding attribute dimension. The
y-axis label shows how to interpret the direction of the correlation (e.g. ← negative
to positive → means that higher (lower) values correspond to names with stronger
(weaker) positive sentiment connotation.
The left panel of Figure 4 shows that male names tend to have an overall more
positive connotation with respect to female names. Interestingly, all first names have
a family connotation to some extent, but consistent with stereotypical views that
women tend to be more closely associated with family with respect to career, female
names are more strongly associated with the family dimension with respect to male
names.

4.3

WEAT scores

Figure 4 shows suggestive evidence that men are presented in judicial language as
having a more positive connotation than women, and are also more closely associated with career versus family with respect to women. We now show that these
associations are confirmed when we formally test for them using the test described
12

Figure 4: Gender Associations in Judicial Language
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Notes: The graphs show a scatterplot of the cosine similarity of vectors representing the most common 100 male and female
first names according to the 1990 U.S. Census with the vectors representing the gender dimension (on the x-axis) and the
two attribute dimensions of interest (positive/negative to the right, and career/family to the left). The x-axis reports the cosine
similarity between the vector representing a given first name and the vector representing the gender dimension. Higher values
(further to the right) correspond to names with a stronger male connotation and lower values correspond to a stronger female
connotation. The y-axis reports the cosine similarity between the name and the corresponding attribute dimension. The yaxis label shows how to interpret the direction of the correlation (e.g. negative to positive means that higher (lower) values
correspond to names with stronger (weaker) positive sentiment connotation. The graphs are based on word embeddings from
a randomly selected bootstapped sample on the full corpus.

above. In particular, Table 2 shows the median WEAT score and effect size across
bootstrapped samples for the gender/good and gender/career association. In addition, we display the share of bootstrap samples for which the score is significantly
different from zero based on the permutation test developed in Caliskan et al. (2017).
The table shows a positive WEAT score for both associations, meaning that men have
a stronger association with positive (career) versus negative (family) attributes with
respect to women, and that this association is significantly greater than zero in the
majority of the bootstrap samples.
Table 2: WEAT Scores and Effect Sizes in Judicial Language

Male/Female vs.
Positive/Negative
Male/Female vs.
Career/Family

Score

Effect Size

Share Signif.
at 95% level

Share Signif.
at 90% level

0.317

1.212

0.56

0.88

0.294

0.827

1.00

1.00

Notes: The table shows the median WEAT score and effect size across the 25 bootstrap samples based on the full corpus,
together with the same of bootstrap samples for which the WEAT score is significant according to a permutation test. A higher
WEAT score corresponds to a higher lexical gender bias.
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5

Language Associations in Judicial Decisions

The results shown thus far focus on the entire corpus, but we might be interested
in understanding whether the overall level of language bias is correlated with judge
characteristics. To do that, we exploit judge specific embeddings that treat all of the
opinions authored by a certain judge as a separate corpus. We assign to each judge
their median effect size across the ten bootstrap samples. We begin by showing
descriptively correlates of WEAT effect sizes, and then move on to discussing how
female representation impacts the WEAT scores of male judges in the circuit and the
relationship to votes.

5.1

Implicit Language Associations and Biographical Characteristics

This section analyzes how language bias is related to judge characteristics. Each
graph in Figure 5 shows the mean WEAT effect size for judges with different biographical characteristics, together with 95% confidence intervals for the mean. The
WEAT scores are presented after partialling out the other demographic characteristics, including circuit fixed effects. All graphs to the left refer to the male/female versus positive/negative association, while all graphs to the right refer to the male/female
versus career/family association.
There is no clear difference across gender in the gender WEAT. Male judges display higher lexical gender bias as far as the male/female versus positive/negative
association is concerned, but the opposite is true for the male/female versus career/family association, although the small number of female judges in the sample
implies very large standard errors. Similarly, there is no difference between the political party affiliation of a judge’s nominating president as far as the male/female
versus positive/negative association is concerned, although judges nominated by a
Republican president display significantly higher lexical gender bias as far as the
male/female versus career/family association is concerned. There is no clear difference by religion. The biggest differences are by the cohort of the judges, with early
cohorts having much higher WEAT scores than the more recent cohort.
The graphs in Figure 5 show descriptively the variation in the raw data separately
for the different characteristics. Table 3 show the same descriptive correlations in regression form. In particular, it shows the coefficients from a regression of the WEAT
14

Figure 5: Gender WEAT Tests by Judge Characteristics
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effect size for the two associations of interest on biographical characteristics and circuit fixed effects, which allows to potentially gain precision and control for all characteristics jointly. Table 3 columns (1) and (3) shows an overall similar pattern as the
graphs, in particular with judges from older cohorts having a much higher WEAT effect size with respect to younger judges. Interestingly, judges appointed by a Democratic president now display a lower WEAT scores in the gender/career association.
However, including a more complete set of biographical controls (including prior
experience, education, and state of birth) makes all coefficient insignificant with the
exception of the cohort dummies.

5.2

Determinants of Language Bias

What are the determinants of changes in language bias over time? In this section we
explore whether increased exposure to women, either within the family or within
the court, affects the lexical gender bias of judges.
First, we test whether having a daughter has an effect on the language bias displayed by judges. Given that, conditional on the total number of children, whether a
judge has a daughter should be as good as randomly assigned, we can move towards
causality in this analysis. Table 4 displays the coefficients from the same regression
as before but also including a dummy for having at least one daughter and number
of children fixed effects. The sample size is significantly lower as the information on
children is only available for a subset of our judges. Interestingly, having a daughter induces judges to display a lower association between gender and career/family.
This result is robust to including a wide set of biographical characteristics.
Second, we test whether exposure to women in the courts reduces these biases
among male judges. To get at this issue, we computed the WEAT scores at the courtyear level for all circuit courts. We paired this with a treatment variable, the proportion of judges that are female on a court. Because new judges are assigned to circuits
by the president as slots become available, the timing across circuits of getting more
women is likely exogenous. We regressed language bias on proportion female with
court and year fixed effects.
The coefficients from these regressions are reported in Table 5. Cross-sectionally
(within year), there aren’t differences between courts in language bias (Columns 1
and 5). And the effect for the family/career association is consistently zero. However, the relative association of maleness with positiveness is negative, as one can
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Table 3: WEAT Effect Sizes and Judges’ Biographical Characteristics
Table 1 - Correlates of lexical bias measure

Democrat
Female
Minority
Protestant
Catholic
Jewish
Religion Missing
Born before 1910
Born in 1910s
Born in 1920s
Born in 1930s
Born in 1950s
Born after 1960

Observations
Circuit FEs
All Biographic Controls

Male/Female vs.
Positive/Negative

Male/Female vs.
Career/Family

Association

Association

(1)

(2)

(3)

(4)

-0.009
(0.019)
-0.017
(0.036)
0.047
(0.036)
0.007
(0.080)
-0.023
(0.082)
-0.019
(0.084)
-0.017
(0.090)
-0.184***
(0.030)
-0.287***
(0.027)
-0.272***
(0.029)
-0.288***
(0.033)
-0.334***
(0.044)
-0.368***
(0.078)

-0.002
(0.020)
-0.033
(0.037)
0.063*
(0.035)
-0.077
(0.082)
-0.119
(0.085)
-0.123
(0.086)
-0.067
(0.087)
-0.172***
(0.033)
-0.256***
(0.030)
-0.233***
(0.033)
-0.277***
(0.035)
-0.294***
(0.048)
-0.367***
(0.059)

-0.056*
(0.030)
0.080
(0.053)
-0.008
(0.057)
0.137
(0.152)
0.057
(0.153)
0.159
(0.157)
0.075
(0.158)
-0.435***
(0.053)
-0.410***
(0.045)
-0.434***
(0.044)
-0.422***
(0.049)
-0.470***
(0.058)
-0.488***
(0.125)

-0.036
(0.033)
0.084
(0.055)
-0.015
(0.058)
0.097
(0.158)
0.005
(0.160)
0.051
(0.162)
0.041
(0.163)
-0.365***
(0.060)
-0.365***
(0.050)
-0.374***
(0.053)
-0.350***
(0.057)
-0.414***
(0.069)
-0.408***
(0.138)

666
yes

666
yes
yes

666
yes

666
yes
yes

Notes:
The from
table ashows
the of
coefficient
regression
the judge versus positive/negative
Notes: The table shows the
coefficient
regression
the judgefrom
WEATa score
for the of
male/female
WEAT
score
for male/female
the male/female
versus
positive/negative
association
association (columns (1) to
(2)) and
for the
versus
career/family
association
(columns (3) to (4)) on judges’ biographical characteristics. (columns
A higher WEAT
to amale/female
higher lexicalversus
gendercareer/family
bias. Columns (1) and (3) only include
(1) toscore
(2)) corresponds
and for the
the biographical controls whose coefficient is reported. Columns (2) and (4) include all biographical controls (including prior
association (columns (3) to (4)) on judges' biographical characteristics. A
experience, education and state of birth). Standard errors are robust. *** p<0.01, ** p<0.05, * p<0.1.
higher WEAT score corresponds to a higher lexical gender bias.
Columns (1) and (3) only include the biographical controls whose
coefficient is reported. Columns (2) and (4) include all biographical
controls (including prior experience, education and state of birth).
Standard errors are robust. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4: Effect on Gender Bias of Having Daughters
Table 1 - Correlates of lexical bias measure
Male/Female vs. Positive/Negative
Association

Has Daughters
Democrat
Female

Observations
Circuit FEs
Selected Biographic Controls
All Biographic Controls
LASSO
# of Children FEs

Male/Female vs. Career/Family
Association

(1)

(2)

(3)

(4)

(5)

(6)

0.024
(0.040)
0.037
(0.033)
-0.085**
(0.038)

0.041
(0.054)
0.039
(0.045)
-0.177***
(0.053)

0.038
(0.051)

-0.177***
(0.065)
-0.046
(0.055)
0.000
(0.071)

-0.247***
(0.084)
-0.123*
(0.070)
0.020
(0.089)

-0.141**
(0.068)

223
yes
yes

223
yes

223
yes

223
yes
yes

223
yes

223
yes

yes

yes
yes
yes

yes

yes
yes
yes

yes

yes

yes

yes

Notes: The table shows the coefficient from a regression of the judge WEAT score for the male/female versus
positive/negative association (columns (1) to (3)) and for the male/female versus career/family association
Notes: The table shows the coefficient from a regression of the judge WEAT score for the male/female versus positive/negative
(columns (4) to (6)) on whether a judge has daughters, conditional on number of children FEs. A higher WEAT
association (columns (1) to (3)) and for the male/female versus career/family association (columns (4) to (6)) on whether a
score corresponds to a higher lexical gender bias. Columns (1) and (4) only include selected biographical
judge has daughters, conditional on number of children FEs. A higher WEAT score corresponds to a higher lexical gender
controls (race, religion and cohort). Columns (2) and (5) include all biographical controls (including prior
bias. Columns (1) and (4) only include selected biographical controls (race, religion and cohort). Columns (2) and (5) include
experience, education and state of birth). Columns (3) and (6) select controls using LASSO. Standard errors are
all biographical controls
(including prior experience, education and state of birth). Columns (3) and (6) select controls using
robust. *** p<0.01, ** p<0.05, * p<0.1.

LASSO. Standard errors are robust. *** p<0.01, ** p<0.05, * p<0.1.

Table 5: Effect on Gender Bias of Greater Female Representation
Male/Female vs. Positive/Negative
Association

Male/Female vs. Career/Family
Association

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Share Judge Female

-0.116
(0.129)

-0.361
(0.200)

-0.439*
(0.167)

-0.449*
(0.150)

0.109
(0.275)

-0.0819
(0.354)

-0.0242
(0.184)

-0.0913
(0.184)

Observations
Clusters
Year FEs
Circuit FEs
Circuit Trends
Lagged DV

11565
10
yes

11565
10
yes
yes

11565
10
yes
yes
yes

11293
10
yes
yes
yes
yes

11733
10
yes

11733
10
yes
yes

11733
10
yes
yes
yes

11733
10
yes
yes
yes
yes

Notes: The table shows the coefficient from a regression of the WEAT score of opinions authored by male judges in a certain
circuit-year on the share of judges that is female in the same circuit-year. A higher WEAT score corresponds to a higher lexical
gender bias. Columns (1) to (4) report the coefficients for the male/female versus positive/negative association and columns
(5) to (8) report the coefficient for the male/female versus career/family association. Columns sequentially include additional
controls. Standard errors are clustered at the circuit level. *** p<0.01, ** p<0.05, * p<0.1.
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see upon the inclusion of circuit fixed effects (Column 2), circuit trends (Column 3),
and the lagged dependent variable (Column 4).
Holding court-level factors constant, and allowing for arbitrary national trends,
more female judge representation decreases male judge language bias on the positive/negative margin. As these judges are exposed to more females, they change
their language to be less biased. However, there is no effect for gender/career language. This could be that career language tends to be reflected more in case facts,
while positive/negative language is more at the discretion of the judge.

5.3

Effects of Language Bias on Decisions and Votes

While the fact that judges display lexical gender bias in their writings is interesting
per se, it does not necessarily imply policy relevance. If judges are aware of their
biases and correct for them when making decisions, we might expect how judges
write about women to have no impact. For these preferences to matter, then, it must
be the case that they impact judicial decisions. This is the dimension we explore in
this section. In particular, we ask whether conditional on a number of biographical
controls and circuit-year fixed effects, our lexical gender bias measure predicts how
judges vote on gender rights cases. Standard errors are clustered at the circuit-year
level.
The inclusion of circuit-year fixed effects is especially important for identification,
as cases are randomly assigned to judge panels within circuit-years. As a result, the
effect of the lexical bias measure is not going to be driven by judges with different lexical gender bias selecting to serve on panels for different types of cases, thus
addressing an important source of potential endogeneity. We analyse two separate
datasets in which judges’ decisions in a sample of cases are coded to be pro- and
against- womens’ rights.
Table 5 focuses on votes reported by the Chicago Judges Project. We pool cases
that relate to reproductive rights, sexual discrimination, and sexual harassment and
include issue fixed effects to ensure we are only using within-issue variation. Column (1) shows a regression of the WEAT scores without demographic controls.
Judges with a higher WEAT effect size – i.e., judges that display a stronger stereotypical association between men and career versus family with respect to women –
are less likely to vote in favor of plaintiffs in women-rights cases. The inclusion of
demographic controls does not affect this result. The same is true when we include
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Table 6: WEAT Scores and Judge Decisions in Gender Rights Cases (CJP dataset)
Table 4 - Does lexical bias predict decisions (CJP dataset)?

Male/Female vs. Positive/Negative Association
Male/Female vs. Career/Family Association

(1)

(2)

(3)

(4)

(5)

-0.024
(0.040)
-0.061**
(0.025)

-0.069
(0.042)
-0.063***
(0.023)
0.134***
(0.021)
0.010
(0.022)

-0.026
(0.050)
-0.067**
(0.033)
0.144***
(0.027)
-0.008
(0.030)

-0.001
(0.049)
-0.062**
(0.031)
0.129***
(0.024)
0.008
(0.028)

0.032
(0.058)
-0.064*
(0.037)
0.112***
(0.028)
0.006
(0.037)
0.022
(0.037)

3804
163
yes
yes

3804
163
yes
yes
yes

3804
163
yes
yes

3804
163
yes
yes

3327
163
yes
yes

yes

yes
yes

yes
yes
yes

Democrat
Female
Has Daughters

Observations
Clusters
Circuit-Year FEs
Issue FEs
Selected Biographic Controls
All Biographic Controls
LASSO
# of Children FEs

Notes: The table shows the coefficient from a regression of whether a judge voted pro-women in women's
rights cases on the judge WEAT score for the male/female versus positive/negative association and for the
Notes: The table shows the coefficient from a regression of whether a judge voted pro-women in women’s rights cases on the
male/female versus career/family association. A higher WEAT score corresponds to a higher lexical gender bias.
judge WEAT score Columns
for the (1)
male/female
versus positive/negative association and for the male/female versus career/family
to (5) sequentially include additional controls. Selected biographic controls include race, religion
association. A higher
WEAT score corresponds to a higher lexical gender bias. Columns (1) to (3) sequentially include addiand cohort. All biographic controls additionally control for prior experience, education and state of birth. In
tional controls. Thecolumns
additional
demographic controls include race, religion and cohort. Standard errors are clustered at the
(4) and (5) controls are selected using LASSO. Standard errors are clustered at the circuit-year level. ***
circuit-year level. ***
p<0.01,
** p<0.05,
p<0.01,
** p<0.05,
* p<0.1. * p<0.1.

all available biographical controls or use lasso to select biographical controls or additionally include a dummy for the judge having a daughter and children fixed effects.
The WEAT effect size for the gender/good association is never significant.
Table 6 focuses on votes reported by Glynn and Sen (2015). We pool cases that
relate to reproductive rights, employment discrimination and Title IX, again including issue fixed effects. Column (1) shows that, similarly as before, when we have no
demographic controls judges with a higher WEAT effect size in the gender/career
association are less likely to vote in favor of plaintiffs in women-rights cases. Including selected demographic controls weakens the result: the coefficient is smaller and
no longer statistically significant, although including all the biographical features
restores the original result, as does including a lasso selected-subset of biographical
controls. Controlling for whether a judge has a daughter and children fixed effects
somewhat strengthens the result. Again, the WEAT effect size is never significant,
except in one specification. Overall, Table 6 and Table 7 show that the lexical bias of
judges matters for how they vote.
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Table 7: WEAT Scores and Judge Decisions in Gender Rights Cases (Glynn and Sen
dataset)
Table 5 - Does lexical bias predict decisions (Glynn and Sen dataset)?

Male/Female vs. Positive/Negative Association
Male/Female vs. Career/Family Association

(1)

(2)

(3)

(4)

(5)

0.054
(0.043)
-0.051*
(0.028)

0.030
(0.049)
-0.044
(0.028)
0.117***
(0.022)
0.010
(0.021)

0.020
(0.061)
-0.064*
(0.033)
0.129***
(0.029)
0.042
(0.028)

0.036
(0.058)
-0.055*
(0.029)
0.115***
(0.022)
0.028
(0.026)

0.113*
(0.065)
-0.079**
(0.035)
0.097***
(0.024)
0.071**
(0.027)
0.059*
(0.032)

3602
83
yes
yes

3602
83
yes
yes
yes

3601
83
yes
yes

3602
83
yes
yes

3319
83
yes
yes

yes

yes
yes

yes
yes
yes

Democrat
Female
Has Daughters

Observations
Clusters
Circuit-Year FEs
Issue FEs
Selected Biographic Controls
All Biographic Controls
LASSO
# of Children FEs

Notes: The table shows the coefficient from a regression of whether a judge voted pro-women in women's
rights cases on the judge WEAT score for the male/female versus positive/negative association and for the

Notes: The table shows the coefficient from a regression of whether a judge voted pro-women in women’s rights cases on the
male/female versus career/family association. A higher WEAT score corresponds to a higher lexical gender bias.
judge WEAT score for the male/female versus positive/negative association and for the male/female versus career/family
Columns (1) to (5) sequentially include additional controls. Selected biographic controls include race, religion
association. A higher
WEAT score corresponds to a higher lexical gender bias. Columns (1) to (3) sequentially include addiand cohort. All biographic controls additionally control for prior experience, education and state of birth. In
tional controls. Thecolumns
additional
demographic controls include race, religion and cohort. Standard errors are clustered at the
(4) and (5) controls are selected using LASSO. Standard errors are clustered at the circuit-year level. ***
circuit-year level. ***
p<0.01, ** p<0.05, * p<0.1.
p<0.01, ** p<0.05, * p<0.1.

6

Implicit or Explicit Bias?

So far, we have shown that judicial language differs across judges, but is it implicit?
If inattention is the mechanism for heuristics, we should see a larger role for extraneous factors. If the effects are due to explicit bias, where judges are consciously
drawing out gender stereotypes into the text, then it’s not primarily inattention. We
examine whether lexical bias is correlated with other measures of judicial bias using
an extraneous factor: presidential elections.
This analysis is reported in Table 8. The dependent variable is dissent rate. We
see, as in Berdejo and Chen (2016), that judges tend to dissent more during presidential election season. Moreover, this effect is magnified for judges with more
family/career lexical bias. This is consistent with an important implicit rather than
explicit component for family/career lexical bias.
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Table 8: Electoral cycles correlate with lexical bias
Dependent variable
(1)
0.00231
(0.00250)
9 Mo. Before Election
0.00346*
X WEAT (+/-)
(0.00200)
9 Mo. Before Election
0.00265**
X WEAT (family/career)
(0.00117)
N
997494
adj. R-sq
0.012
Judge FE
X
9 Mo. Before Election x Judge Bio
X
9 Mo. Before Election

Dissent
(2)
0.00181
(0.00252)
-0.00247
(0.00190)

997494
0.012
X
X

(3)
0.00439*
(0.00224)

0.00225**
(0.00113)
997494
0.012
X
X

Notes. Standard errors clustered at the judge level.

7

Treatment of Female Judges

Next, we study whether judges with different levels of lexical bias differ in treatment
of female judges.
Our first analysis is to look at how circuit judges treat the decisions that arise on
appeal. We were able to link 22,048 circuit cases (for the years 2001-2013) to information on the district court case on review; namely, the gender of the associated district
court judge. Using vote-level data (with panels of 3), we regressed a dummy for
reversal on a female district judge dummy, the WEAT score of the circuit judge, and
the interaction. We include circuit-year and judge fixed effects, meaning the results
are identified off of within-judge reversal differences based on gender of lower-court
judge, and whether that difference varies with judge WEAT. With circuit-year fixed
effects, the caseload is random.
The results are reported in Table 9. We find that while women are reversed less
often than men (Column 1), the reversal rate of women is higher for judges with
higher positive/negative WEAT scores (Column 2). This result holds with judge
fixed effects (Column 3), and with judge biographical characteristics interacted with
female-district-judge (Column 4). In Column 5, we see that there is no effect for the
family/career WEAT score, and including it does not change the effect for positivenegative WEAT. These results are robust to clustering by circuit-year rather than
judge, using mean rather than median WEAT, and adjusting vote directions for dis22

Table 9: Circuit Judge WEAT Scores and Reversal Rates for Female District Judges

Female District Judge

Outcome: Lower Court Reversed
(1)
(2)
(3)
(4)
(5)
-0.0126** -0.0267** -0.0255** -0.0177 -0.0179
(0.00361) (0.00568) (0.00577) (0.0167) (0.0168)

WEAT (+/-) Effect Size

-0.000926
(0.00976)

WEAT (+/-) ×
Fem. D. Judge

0.0440**
(0.0145)

0.0407**
(0.0147)

0.0379*
(0.0153)

WEAT (fam/job) ×
Fem. D. Judge
N
adj. R-sq
Circuit x Year FE
Judge FE
Bio×Fem. D. Judge

0.0380*
(0.0154)
-0.00129
(0.0101)

61014
0.029
X

61014
0.029
X

60956
0.030
X
X

60956
0.030
X
X
X

60956
0.030
X
X
X

Notes. Standard errors in parentheses, clustered by judge. Female District Judge (Fem. D. Judge) is an indicator for the lowercourt judge being female. WEAT (+/-) is the positive-negative median WEAT effect size. WEAT (fam/job) is the family/career
median WEAT effect size. Bio x Fem. D. Judge includes circuit judge characteristics (female, Democrat, and birth cohort decades)
interacted with female district judge.
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Table 10: WEAT of judges assigned to panels and female outcomes
Dependent variable
Panel WEAT (+/-)
Panel WEAT (family/career)
Panel % Democrat
Panel % Female
N
adj. R-sq
Circuit x Year FE
Number of Females FE
Panel Mean Judge Bio

Female Author
Supreme Court Reversal
(1)
(2)
(3)
(4)
0.000751 -0.00304
-0.000940
-0.00123
(0.00391) (0.00403) (0.00167)
(0.00174)
0.00475** 0.00542** -0.00230*** -0.00247***
(0.00213) (0.00221) (0.000889) (0.000903)
0.00335**
0.00154**
(0.00147)
(0.000685)
0.161***
-0.00473
(0.0254)
(0.00465)
381903
374175
381903
374175
0.200
0.201
0.008
0.008
X
X
X
X
X
X
X
X
X
X

Notes. Standard errors clustered at the Circuit-year level.

sents.
Panels are randomly composed of three judges. Now we examine further whether
panels of judges with greater lexical bias treat female judges differently. Table 10
shows that panels composed of judges with higher lexical bias end up having females author more often. This result is unchanged controlling for the panel average of other biographical characteristics. These panels also end up having fewer
Supreme Court reversals. Table 11 suggests that this is partly due to fewer dissents
on the panel.
Table 12 shows that female authors are more likely to have their opinions receive
dissents and concurrences. This is elevated on panels with higher lexical bias. In
the final column, we see that these cases are not more likely to be reversed by the
Supreme Court. The conventional view is that dissents and concurrences triple the
likelihood of Supreme Court reversal. Chen 2018, Table 5, shows that on average 25%
of cases are appealed, but 3% of cases are received by the Supreme Court, which has
the option to decline the appeal; a dissent increases the likelihood of the Supreme
Court taking the case by 4.5%, and the Supreme Court reverses 70% of all cases it
receives. That paper showed that election cycles increased dissents, but the electoral
dissents were not more likely to be received by the Supreme Court, suggesting that
24

Table 11: WEAT of judges assigned to panels and case outcomes
Dependent variable
Panel WEAT (+/-)
Panel WEAT (family/career)
Panel % Democrat
Panel % Female
N
adj. R-sq
Circuit x Year FE
Number of Females FE
Panel Mean Judge Bio

Dissent on Panel
(1)
(2)
0.0107
0.00991
(0.00650) (0.00633)
-0.00625* -0.00686**
(0.00323) (0.00335)
0.0183***
(0.00283)
-0.0716***
(0.0188)
381561
373842
0.027
0.027
X
X
X
X
X

Concur on Panel
(3)
(4)
0.0117**
0.0142***
(0.00503)
(0.00518)
-0.00723*** -0.00762***
(0.00266)
(0.00273)
0.00670***
(0.00224)
-0.0557***
(0.0174)
381561
373842
0.024
0.025
X
X
X
X
X

Notes. Standard errors clustered at the Circuit-year level.

those dissents were more ephemeral. Here, we see that despite receiving more dissents and concurrences in general and in particular on lexically biased panels, this
does not translate into reversals for the female authored opinions.
Finally, Table 13 shows that the share of citations to female judges is higher for
female judges. There is a negative relation between lexical bias and share of citations
to female judges. But the lexical bias correlation disappears when controlling for the
birth cohort of the citing judge.

8

Legislator Speech

Are these associations unique to judicial language, or do we see them reflected across
different domains? To begin answering this question, we are currently performing
an analogous analysis for another set of lawmakers – legislators in the U.S. Senate
and House. In particular, we use the digitized Congressional Record, which consists
of transcripts of the speeches given by U.S. Congressmen from 1870 through 2015.
Each speech is tagged to a Congressman, for which we have a range of metadata on
personal characteristics, including gender, party affiliation, race, religion and year
of birth. When possible, we merge these data with information on congressmen’s
25

Table 12: WEAT of judges assigned to panels and case outcomes with female authors
Dependent variable
Panel WEAT (+/-)
Panel WEAT (family/career)
Panel WEAT (+/-)
* Female Author
Panel WEAT (family/career)
* Female Author
Female Author
N
adj. R-sq
Circuit x Year FE
Number of Females FE

Dissent on Panel
(1)
-0.0436**
(0.0177)
-0.00640**
(0.00325)
0.0570***
(0.0176)
0.000632
(0.0123)
0.0244***
(0.00690)
381561
0.027
X
X

Concur on Panel
(2)
-0.0286*
(0.0156)
-0.00760***
(0.00268)
0.0424***
(0.0158)
0.00854
(0.0118)
0.0170***
(0.00625)
381561
0.024
X
X

Supreme Court Reversal
(3)
0.00685
(0.00517)
-0.00806**
(0.00367)
-0.00819
(0.00498)
0.00600
(0.00371)
-0.00217
(0.00187)
381903
0.008
X
X

Notes. Standard errors clustered at the Circuit-year level.

Table 13: WEAT of judges assigned to panels and female outcomes
Dependent variable

Share of Citations to Female Judges
(1)
(2)
WEAT (+/-)
-0.0617***
-0.00334
(0.0100)
(0.00865)
WEAT (family/career)
-0.0225***
0.00568
(0.00600)
(0.00507)
Democrat
-0.0119**
0.00470
(0.00512)
(0.00372)
Female
0.0835***
0.0420***
(0.0101)
(0.00843)
N
661
661
adj. R-sq
0.474
0.731
Judge Race, Religion, Circuit FE
X
X
Judge Birth Cohort
X
Notes. Judge level data. Robust standard errors.
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children from Washington (2008).
We clean the data for the U.S. Congress corpus following the same procedure as
for the judicial opinions, which results in a sample of 880 congressmen who have
more than 250’000 tokens. The main difference with respect to the methodology is
that in the bootstrapping procedure, we treat speeches, and not sentences, as documents and sampled with replacement. Given that speeches in congress are generally
short, this should minimally impact the results.
We begin by showing how the biographical characteristics of congressmen relate
to their language bias. Figure 6 and Table 14 show that for the gender/good association, the qualitative results of judges are replicated. Instead, the correlations for
gender/career are inconsistent, even to the point of going in the opposite direction.
Interestingly, having a daughter appears to have no effect on the language bias of
congressmen.
Next, Table 15 provides results on language bias and congressional votes on reproductive rights bills using the voting data in Washington (2008). With respect to
the judges analysis, there is not randomized assignment, so the analysis relies on
controlling for observables for identification. Overall, the results support the view
that congressmen with higher positive/negative bias are more likely to vote conservatively on bills that expand reproductive rights. There is no effect of family/career
language bias.

9

Conclusion

This work shows that judicial language exhibits implicit associations between social
groups and socially and legally relevant attributes. Future work can look at differences in these measures across individual judges, and even within judge over time.
We are interested in looking at other courts, such as the U.S. Supreme Court, U.S.
District Courts, and state courts.
As with the case of policymakers, in general there are no IAT scores available for
prominent thought leaders, like journalists, pundits, and professors. However, in all
of these cases there are large corpora of text available with which one could attempt
to analyze biases.
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Figure 6: Gender WEAT Tests by Congressman Characteristics
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Table 14: WEAT Effect Sizes and Congressmen’s Biographical Characteristics
Male/Female vs.
Positive/Negative
Association
(1)
(2)
Democrat
Female
Minority
Christian
Catholic
Jewish
Muslim
Born in 1910s
Born in 1920s
Born in 1930s
Born in 1940s
Born in 1950s
Born after 1960

0.003
(0.022)
-0.316***
(0.046)
-0.228***
(0.038)
-0.067
(0.045)
-0.121**
(0.049)
-0.160***
(0.058)
0.112
(0.077)
-0.118***
(0.042)
-0.276***
(0.038)
-0.340***
(0.038)
-0.489***
(0.032)
-0.512***
(0.037)
-0.481***
(0.066)

Daughters

Observations
Children FEs

0.010
(0.062)
-0.324***
(0.050)
-0.168**
(0.068)
0.194**
(0.098)
0.207**
(0.095)
0.131
(0.086)

-0.175
(0.184)
-0.150
(0.175)
-0.214
(0.172)
-0.187
(0.170)

Male/Female vs.
Career/Family
Association
(3)
(4)
0.084**
(0.037)
0.092*
(0.056)
-0.111**
(0.051)
0.092
(0.107)
-0.044
(0.108)
0.075
(0.116)
-0.040
(0.122)
-0.093
(0.077)
-0.017
(0.070)
-0.014
(0.066)
-0.031
(0.059)
-0.106
(0.065)
-0.104
(0.089)

-0.048
(0.032)
880

162
yes

-0.067
(0.071)
0.125
(0.077)
0.041
(0.082)
-0.259*
(0.145)
-0.320**
(0.145)
-0.113
(0.153)

0.217
(0.199)
0.264*
(0.139)
0.262**
(0.116)
0.148
(0.124)

0.056
(0.043)
880

162
yes

Notes: The table shows the coefficient from a regression of congressmen’s WEAT scores on their demographic characteristics.
Column (1) reports the coefficient for the male/female versus positive/negative association and column (2) reports the coefficient for the male/female versus career/family association. A higher WEAT score corresponds to a higher lexical gender bias.
Standard errors are robust. *** p<0.01, ** p<0.05, * p<0.1.
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Table 15: WEAT Scores and Congressman Votes on Reproductive Rights Bills
Issue

Male/Female vs.
Positive/Negative Association
Male/Female vs. Career/Family
Association
Democrat
Female
# Daughters

Observations
Additional Demographic Controls
# of Children FEs

Abortion ban

Teen access
to abortion

(1)

(2)

Contraceptives
for federal
employees
(3)

(4)

Teen access
to
contraceptives
(5)

-0.167
(0.108)
0.027
(0.081)
0.489***
(0.084)
0.288***
(0.100)
0.107**
(0.042)

-0.221**
(0.107)
0.003
(0.082)
0.454***
(0.087)
0.211**
(0.096)
0.101**
(0.042)

-0.035
(0.116)
0.088
(0.098)
0.507***
(0.083)
0.285**
(0.110)
0.066
(0.047)

-0.211*
(0.109)
-0.040
(0.098)
0.471***
(0.094)
0.151
(0.111)
0.060
(0.048)

-0.097
(0.124)
-0.014
(0.099)
0.512***
(0.095)
0.180*
(0.093)
0.084*
(0.045)

-0.266**
(0.107)
-0.054
(0.089)
0.462***
(0.090)
0.131
(0.121)
0.141***
(0.041)

136
yes
yes

136
yes
yes

136
yes
yes

136
yes
yes

136
yes
yes

136
yes
yes

RU2486

International
family
planning
(6)

Notes: The table shows the coefficient from a regression of whether a congressman voted progressively on bills that expand reproductive rights on the judge WEAT score for the male/female versus positive/negative association and for the male/female
versus career/family association. A higher WEAT score corresponds to a higher lexical gender bias. The additional demographic controls include race, religion and cohort. Standard errors are robust. *** p<0.01, ** p<0.05, * p<0.1.
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Foreword
For decades, the American Bar Association Commission on Women in the Profession
(“the Commission”) and the Minority Corporate Counsel Association (“MCCA”)
have worked tirelessly to combat gender and racial bias in the legal profession.
Nonetheless, statistics on women’s advancement have not changed appreciably
over the years. In 2016, the Commission and MCCA partnered with the Center
for WorkLife Law at the University of California, Hastings College of the Law to
conduct research to understand further law firm and in-house lawyers’ experiences
of bias in the workplace. This new research confirms that many of the traditional
diversity tools we have relied upon over the years have been ineffective, and the
findings have served as the foundation in developing the next generation of diversity
tools that you will find in You Can’t Change What You Can’t See: Interrupting
Racial & Gender Bias in the Legal Profession.
The first part of this research report details four main patterns of gender bias,
which validate theories that women lawyers long have believed and feelings they
long have held. Prove-It-Again describes the need for women and people of color
to work harder to prove themselves. Tightrope illustrates the narrower range of
behavior expected of and deemed appropriate for women and people of color, with
both groups more likely than white men being treated with disrespect. Maternal
Wall describes the well-documented bias against mothers, and finally, Tug of War
represents the conflict between members of disadvantaged groups that may result
from bias in the environment.
The second part of the research report offers two cutting-edge toolkits, one for law
firms and one for in-house departments, containing information for how to interrupt
bias in hiring, assignments, performance evaluations, compensation, and sponsorship.
Based upon the evidence derived from our research, these bias interrupters are small,
simple, and incremental steps that tweak basic business systems and yet produce
measurable change. They change the systems, not people.
Considerable time, energy, and money were invested to develop persuasive proof of
why we need to take a different approach to diversity issues and to develop the toolkits
that can be used to make those changes. Taken together, the survey results serve as a
reminder of the importance of the connections we make between individuals. Through
sharing, we are reminded that we are not alone in our experiences in the workplace,
and that is an important first step in making the work environment more inclusive and
welcoming.
Jean Lee, President and CEO
Minority Corporate Counsel Association
Michele Coleman Mayes, Chair, 2014–2017
ABA Commission on Women in the Profession
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Executive Summary
This report is the first of its kind to provide a comprehensive picture of how implicit
gender and racial bias—documented in social science for decades—plays out in
everyday interactions in legal workplaces and affects basic workplace processes such
as hiring and compensation.
In April 2016, the American Bar Association’s Commission on Women in the
Profession, the Minority Corporate Counsel Association, and the Center for
WorkLife Law at the University of California, Hastings College of the Law launched
a survey seeking to understand in-house and law firm lawyers’ experiences of bias
in the workplace: 2,827 respondents completed the survey, and 525 respondents
included comments.
The survey asked respondents whether they had experienced the patterns of gender
and racial bias that have been documented in decades of experimental social
psychology studies. In addition, the survey asked whether attorneys had experienced
implicit bias in basic workplace processes (hiring, assignments, business development,
performance evaluations, promotions, compensation, and support). Also included
was a series of questions about sexual harassment.
To examine how bias affects workplace experiences in the legal profession, we
compared the reported experiences of women of color, men of color, white women,
and white men. This report shares the survey findings and paints a picture of
how bias affects law firm and in-house attorneys. All differences discussed in the
following text are statistically significant unless otherwise noted.

Women and people of color reported Prove-It-Again
(PIA) and Tightrope bias
Prove-It-Again. Women of color, white women, and men of color reported that they
have to go “above and beyond” to get the same recognition and respect as their
colleagues.
• Women of color reported PIA bias at a higher level than any other group, 35
percentage points higher than white men.
• White women and men of color also reported high levels of PIA bias, 25 percentage points higher than white men.
• Women of color reported that they are held to higher standards than their colleagues at a level 32 percentage points higher than white men.
Mistaken for janitors? Men of color and women of all races receive clear messages
that they do not fit with people’s image of a lawyer.
• Women of color reported that they had been mistaken for administrative staff,
court personnel, or janitorial staff at a level 50 percentage points higher than
white men. This was the largest reported difference in the report.
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7

• White women reported this bias at a level 44 percentage points higher than
white men, and men of color reported this bias at a level 23 percentage points
higher than white men.
Tightrope. Women of all races reported pressure to behave in feminine ways,
including backlash for masculine behaviors and higher loads of non-career-enhancing
“office housework.”
• White women reported doing more administrative tasks (such as taking notes)
than their colleagues at a level 21 percentage points higher than white men, and
women of color reported doing more of this type of office housework at a level
18 percentage points higher than white men.

Significant bias against mothers reported—and against
fathers who take parental leave
Maternal Wall. Women of all races reported that they were treated worse after
they had children; that is, they were passed over for promotions, given “mommy
track” low-quality assignments, demoted or paid less, and/or unfairly disadvantaged
for working part-time or with a flexible schedule. Women also observed a double
standard between male and female parents.
• White women reported that their commitment or competence was questioned
after they had kids at a level 36 percentage points higher than white men.
Women of color reported this at a level 29 percentage points higher than
white men.
About half of people of color (47% of men of color and 50% of women of color) and
57% of white women agreed that taking family leave would have a negative impact
on their career. 42% of white men also agreed, indicating that the flexibility stigma
surrounding leave affects all groups, including majority men.

Bias is pervasive throughout lawyers’ work lives
Most of the biggest findings of the survey had to do with bias existing in the basic
business systems of attorneys’ workplaces. Women and people of color reported
higher levels of bias than white men regarding equal opportunities to:
•
•
•
•
•
•
•

Get hired
Receive fair performance evaluations
Get mentoring
Receive high-quality assignments
Access networking opportunities
Get paid fairly
Get promoted

In other words, gender and racial bias was reported in all seven basic workplace
processes.

8
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Women of color often reported the highest levels of
bias of any group
In almost every workplace process, women of color reported the highest levels of
bias. For example:
• Women of color reported that they had equal access to high-quality assignments
at a level 28 percentage points lower than white men.
• Women of color reported that they had fair opportunities for promotion at a
level 23 percentage points lower than white men.
As a trend throughout the report, we often found that women of color reported the
highest levels of bias overall.

Bias in compensation
The gender pay gap in law has received significant media attention, but much less
attention has been paid to bias in compensation systems. Large amounts of bias were
reported by both white women and women of color, and these were some of the
widest gaps in experience described in the report:
• Women of color agreed that their pay is comparable to their colleagues of similar
experience and seniority at a level 31 percentage points lower than white men;
white women agreed at a level 24 percentage points lower than white men.
• Similarly, when respondents were asked if they get paid LESS than their colleagues of similar experience and skill level, women of color agreed at a level
31 percentage points higher than white men, while white women agreed at a
level 24 percentage points higher than white men.
The racial element of the gender pay gap is rarely discussed and demands closer
attention.
In another surprising finding, in-house white women reported roughly the same level
of compensation bias as their law firm counterparts. With so much attention placed
on the partner pay gap, in house is thought to be a more equitable environment for
women in terms of pay. These data suggest that may not be the case.

Differences between law firm and in-house lawyers’
experiences reported
Women of all races and men of color reported lower levels of bias in house than in law
firms, whereas white men reported lower levels of bias in law firms than in house.

Sexual harassment
About 25% of women but only 7% of white men and 11% of men of color, reported
that they had encountered unwelcome sexual harassment at work, including
unwanted sexual comments, physical contact, and/or romantic advances. Sexist
comments, stories, and jokes appear to be widespread in the legal profession: more
than 70% of all groups reported encountering these. Finally, about one in eight white
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women, and one in ten women of color, reported having lost career opportunities
because they rejected sexual advances at work.

Although implicit bias is commonplace, it can be
interrupted
Implicit bias stems from common stereotypes. Stereotype activation is automatic: we
can’t stop our brains from making assumptions. But stereotype application can be
controlled: we can control whether we act on those assumptions. We’ve distilled that
research in our Bias Interrupter Toolkits, available at the end of this report. These
Toolkits provide easily implementable, measurable tweaks to existing workplace systems
to interrupt racial and gender bias in law firms and in-house departments. Many bias
interrupters will help individuals with disabilities, professionals from nonprofessional
families (“class migrants”), and introverted men, in addition to leveling the playing field
for women and attorneys of color.

10
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Small Steps, Big Change

Bias Interrupters
Tools for Success

Incremental steps can improve law firm and in-house diversity in ways that yield
well-documented business benefits. Research shows that diverse workgroups perform
better and are more committed, innovative, and loyal.1 Gender-diverse workgroups
have higher collective intelligence, which improves the performance of both the
group and of the individuals in the group, and leads to better financial performance
results.2 Racially diverse workgroups consider a broader range of alternatives, make
better decisions, and are better at solving problems.3 Bias, if unchecked, affects
many different groups: modest or introverted men, LGBTQ people, individuals with
disabilities, professionals from nonprofessional backgrounds (class migrants), women,
and people of color. We’ve distilled the huge literature on bias into simple steps that
help you and your firm perform better.
We know now that workplaces that view themselves as being highly meritocratic
often are more biased than other organizations.4 Research also shows that the usual
responses—one-shot diversity trainings, mentoring, and networking programs—
typically don’t work.5
What holds more promise is a paradigm-changing approach to
diversity: bias interrupters are tweaks to basic business systems
that are data-driven and can produce measurable change. Bias
interrupters change systems, not people.
Printed here are two toolkits, one for law firms and one for in-house departments,
with information for how to interrupt bias in the following business systems:
1. Hiring
2. Assignments
3. Performance Evaluations
4. Compensation
5. Sponsorship Best Practice Recommendation
For additional worksheets and information visit BiasInterrupters.org.
Our toolkits take a three-step approach:
1. Use Metrics: Businesses use metrics to assess their progress toward any strategic goal. Metrics can help you pinpoint where bias exists and assess the
effectiveness of the measures you’ve taken. (Whether metrics are made public
will vary from firm to firm and from metric to metric.)
2. Implement Bias Interrupters: Bias interrupters are small adjustments to your
existing business systems. They should not require you to abandon your current systems.
3. Repeat as Needed: After implementing bias interrupters, return to your metrics. If they have not improved, you will need to ratchet up to stronger bias
interrupters.
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Interrupting Bias in Hiring
Tools for Law Firms
The Challenge
When comparing identical resumes, “Jamal” needed eight additional years of
experience to be considered as qualified as “Greg,” mothers were 79% less likely
to be hired than an otherwise-identical candidate without children, and “Jennifer”
was offered $4,000 less in starting salary than “John.”6 Unstructured job interviews
do not predict job success,7 and judging candidates on “culture fit” can screen out
qualified diverse candidates.8

The Solution: A Three-Step Approach
1. Use Metrics
Businesses use metrics to assess their progress toward any strategic goal. Metrics
can help you pinpoint where bias exists and assess the effectiveness of the measures
you’ve taken. (Whether metrics are made public will vary from firm to firm and from
metric to metric.)
For each metric, examine:
• Do patterned differences exist between majority men, majority women, men
of color, and women of color? (Include any other underrepresented group that
your firm tracks, such as military veterans or LGBTQ people.)
Important metrics to analyze:
• Track the candidate pool through the entire hiring process: from initial contact, to resume review, to interviews, to hiring. Analyze where underrepresented
groups are falling out of the hiring process.
• Track whether hiring qualifications are waived more often for some groups.
• Track interviewers’ reviews and/or recommendations to ensure they are not
consistently rating majority candidates higher than others.
Keep metrics by (1) individual supervising attorney; (2) department; (3) country, if
relevant; and (4) the firm as a whole.

2. Implement Bias Interrupters
All bias interrupters should apply both to written materials and in meetings, where
relevant. Because every firm is different, not all interrupters will be relevant. Consider
this a menu.
To understand the research and rationale behind the suggested bias interrupters, read
the “Identifying Bias in Hiring Worksheet,” available online at biasinterrupters.org,
which summarizes hundreds of studies.

14

Interrupting Bias in Hiring

A. Empower and Appoint
• Empower people involved in the hiring process to spot and interrupt bias. Use
the “Identifying Bias in Hiring Worksheet” (available at BiasInterrupters.org).
Read and distribute it to anyone involved in hiring.
• Appoint bias interrupters. Provide HR professionals or team members with special training to spot bias and involve them at every step of the hiring process.
Training is available at BiasInterrupters.org.

B. Assemble a Diverse Pool
• Limit referral hiring (“friends of friends”). If your existing firm is not diverse,
hiring from your current employees’ social networks will replicate the lack of
diversity. If you use referrals, keep track of the flow of candidates from referrals. If referrals consistently provide majority candidates, consider limiting referrals or balance referral hiring with more targeted outreach to ensure a diverse
candidate pool.
• Tap diverse networks. Reach out to diverse candidates where they are. Identify
law job fairs, affinity networks, conferences, and training programs aimed at
women and people of color and send recruiters.
• Consider candidates from multitier schools. Don’t limit your search to candidates from Ivy League and top-tier schools. This favors majority candidates
from elite backgrounds and hurts people of color and professionals from nonprofessional backgrounds (class migrants)9. Studies show that top students from
lower-ranked schools are often similarly successful.10
• Get the word out. If diverse candidates are not applying for your jobs, get the
word out that your firm is a great place to work for women and people of
color. One company offers public talks by women at their company and writes
blog posts, white papers, and social media articles highlighting the women who
work there.
• Change the wording of your job postings. Using masculine-coded words such as
“leader” and “competitive” tends to reduce the number of women who apply.11
Tech alternatives (see Textio12 and Unitive13) can help you craft job postings
that ensure you attract top talent without discouraging women.
• Insist on a diverse pool. If you use a search firm, tell them you expect a diverse
pool, not just one or two diverse candidates. One study found the odds of hiring a woman were 79 times greater if there were at least two women in the
finalist pool; the odds of hiring a person of color were 194 times greater.14

C. Resume Review
• Distribute the “Identifying Bias in Hiring Worksheet” (available at Bias
Interrupters.org). Before resumes are reviewed, have reviewers read the worksheet so they are aware of the common forms of bias that can affect the hiring
process.
• Commit to what’s important—and require accountability. Commit in writing to
what qualifications are important, both in entry-level and lateral hiring. When
qualifications are waived for a specific candidate, require an explanation of why
they are no longer important—and keep track to see for whom requirements
are waived.15
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• Ensure resumes are graded on the same scale. Establish clear grading rubrics
and ensure that everyone grades on the same scale. Consider having each
resume reviewed by two different people and average the score.
• Remove extracurricular activities from resumes. Including extracurricular activities on resumes can artificially disadvantage class migrants. A recent study
showed that law firms were less likely to hire a candidate whose interests
included “country music” and “pick-up soccer” rather than “classical music”
and “sailing”—even though the work and educational experience was exactly
the same. Because most people aren’t as aware of class-based bias, communicate
why you are removing extracurricular activities from resumes.
• Avoid inferring family obligations. Mothers are 79% less likely to be hired than
identical candidates without children.16 Train people not to make inferences
about whether someone is committed to the job due to parental status and
don’t count “gaps in a resume” as an automatic negative.
• Try using “blind auditions.” If women and candidates of color are dropping
out of the pool at the resume review stage, consider removing demographic
information from resumes before review. This allows candidates to be evaluated
based solely on their qualifications.

D. Interviews
• Use structured interviews. Ask the same list of questions to every person who
is interviewed. Ask questions that are directly relevant to the job for which the
candidate is applying.17
• Ask performance-based questions. Performance-based questions, or behavioral
interview questions (“Tell me about a time you had too many things to do and
had to prioritize.”), are a strong predictor of how successful a candidate will be
at the job.18
• Try behavioral interviewing.19 Ask questions that reveal how candidates have
dealt with prior work experiences. Research shows that structured behavioral
interviews more accurately predict the future performance of a candidate than
unstructured interviews.20 Instead of asking “How do you deal with problems
with your manager?” say “Describe for me a conflict you had at work with
your manager.” When evaluating answers, a good model to follow is STAR21:
the candidate should describe the Situation faced, the Task handled, the Action
taken to deal with the situation, and the Result.
• Do work-sample screening. If applicable, ask candidates to provide a sample of
the types of tasks they will perform on the job (e.g., ask candidates to write a
legal memo for a fictitious client).
• Develop a consistent rating scale and discount outliers. Candidates’ answers (or
work samples) should be rated on a consistent scale, with ratings for each factor backed up by evidence. Average the scores granted on each relevant criterion
and discount outliers.22
• If “culture fit” is a criterion for hiring, provide a specific work-relevant definition. Culture fit can be important, but when it’s misused, it can disadvantage
people of color, class migrants, and women.23 Heuristics such as the “airport
test” (Who would I like to get stuck with in an airport?) can be highly exclusionary and not work-relevant. Questions about sports and hobbies may feel
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exclusionary to women and to class migrants who did not grow up, for example, playing golf or listening to classical music. Google’s work-relevant definition of “culture fit” is a helpful starting point.24
• “Gaps in a resume” should not mean automatic disqualification. Give candidates an opportunity to explain gaps by asking about them directly during the
interview stage. Women fare better in interviews when they are able to provide
information up front rather than having to avoid the issue.25
• Provide candidates and interviewers with a handout detailing expectations.
Develop an “Interview Protocol Sheet” that explains to everyone what’s
expected from candidates in an interview or use ours, available at Bias
Interrupters.org. Distribute it to candidates and interviewers for review.
• When hiring, don’t ask candidates about prior salary. Asking about prior salary
when setting compensation for a new hire can perpetuate the gender pay gap.26
(A growing legislative movement prohibits employers from asking prospective
employees about their prior salaries.27)

3. Repeat as Needed
• Return to your key metrics. Did the bias interrupters produce change?
• If you don’t see change, you may need to implement stronger bias interrupters,
or you may be targeting the wrong place in the hiring process.
• Use an iterative process until your metrics improve.
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Interrupting Bias in
Assignments
Tools for Law Firms
The Challenge
Every workplace has high-profile assignments that are career enhancing (“glamour
work”) and low-profile assignments that are beneficial to the organization but not
the individual’s career. Research shows that women do more “office housework”28
than men.29 This includes literal housework (ordering lunch), administrative
work (scheduling a time to meet), and emotion work (“she’s upset; comfort her”).
Misallocation of the glamour work and the office housework is a key reason
leadership across the legal profession is still male dominated. Professionals of color
(both men and women) also report less access to desirable assignments than do white
men.30
• Glamour work. More than 80% of white male lawyers but only 53% of women
lawyers of color, 59% of white women lawyers, and 63% of male lawyers of
color reported the same access to desirable assignments as their colleagues.31
• Office housework. Almost 50% of white women lawyers and 43% of women
lawyers of color reported that at work they more often play administrative roles
such as taking notes for a meeting compared to their colleagues. Only 26% of
white male lawyers and 20% of male lawyers of color reported this.32
In law firms, when lawyers become “overburdened” with office housework, it reduces
the amount of billable time that they can report, which can hurt their compensation
and their career.33
Diversity at the top can only occur when diverse employees at all levels of the
organization have access to assignments that let them take risks and develop new
skills. If the glamour work and the office housework aren’t distributed evenly, you
won’t be tapping into the full potential of your workforce. Most law firms that use
an informal “hey, you!” assignment system end up distributing assignments based on
factors other than experience and talent.
If women and people of color keep getting stuck with the same low-profile
assignments, they will be more likely to be dissatisfied and to search for opportunities
elsewhere.34 The attrition rates for women and especially women of color in law firms
are already extremely high, and research suggests that the cost to the firm of attrition
per associate is up to $400,000.35 Law firms cannot afford to fail to address the
inequality in assignments.
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The Solution: A Three-Step Approach
Fair allocation of the glamour work and the office housework are two separate
problems. Some law firms will want to solve the office housework problem
before tackling the glamour work; others will want to address both problems
simultaneously. (A “Road Map for Implementation” is available at BiasInterrupters
.org.)

1. Use Metrics
A. Identify and Track
The first step is to find out if and where you have a problem.
• What is the office housework and glamour work in your organization?
• Who is doing what and for how long?
• Are there demographic patterns that indicate gender and/or racial bias is at
play?
To do this:
1. Distribute the “Office Housework Survey” (available at BiasInterrupters.org)
to your employees to find out who is doing the office housework and how
much of their time it takes up.
2. Convene relevant managers (and anyone else who distributes assignments) to
identify the glamour work and the lower-profile work in the law firm. Use
the “Assignment Typology Worksheet” to create a typology for assignments
and the “Protocol” for more details (both available at BiasInterrupters.org).
3. Input the information from the typology meeting into the “Manager Assignment Worksheet” and distribute this to managers (available online at Bias
Interrupters.org). Have managers fill out the worksheets and submit them,
identifying to whom they assign the glamour work and the lower-profile
work.

B. Analyze Metrics
Analyze survey results and worksheets for demographic patterns, dividing employees
into (1) majority men, majority women, men of color, and women of color, (2)
parents who have just returned from parental leave, (3) professionals working parttime or flexible schedules, and (4) any other underrepresented group that your
organization tracks (veterans, LGBTQ people, individuals with disabilities, etc.).
•
•
•
•

Who is doing the office housework?
Who is doing the glamour work?
Who is doing the low-profile work?
Create and analyze metrics by individual supervising attorney.

2. Implement Bias Interrupters
A. Office Housework Interrupters
• Don’t ask for volunteers. Women are more likely to volunteer because they are
under subtle but powerful pressures to do so.36
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• Hold everyone equally accountable. “I give it to women because they do it well
and the men don’t” is a common sentiment. This dynamic reflects an environment in which men suffer few consequences for doing a poor job on office
housework, but women who do a poor job are seen as “prima donnas” or “not
team players.” Hold men and women equally accountable for carrying out all
assignments properly.
• Use admins. If possible, assign office housework tasks to admins (e.g., planning
birthday parties, scheduling meetings, ordering lunch).
• Establish a rotation. A rotation is helpful for many administrative tasks (e.g.,
taking notes, scheduling meetings). Rotating housework tasks such as ordering
lunch and planning parties is an option if admins are unavailable.
• Shadowing. Another option for administrative tasks is to assign a more junior
person to shadow someone more senior—and take notes.

B. Glamour Work Interrupters
• Avoid mixed messages. If your law firm values mentoring and committee work
(such as serving on the Diversity Initiative), make sure these things are valued
when the time comes for promotions and raises. Sometimes law firms say they
highly value this kind of work—but they don’t. Mixed messages of this kind
will negatively affect women and people of color.
• Conduct a roll-out meeting. Gather relevant managing and supervising attorneys to introduce the bias interrupters initiative and set expectations. “Key
Talking Points for the Roll-Out Meeting” are available at BiasInterrupters.org.
• Provide a bounceback. Identify individual supervising attorneys whose glamour work allocation is lopsided. Hold a meeting with that supervisor and
bring the problem to his or her attention. Help the supervisor think through
why he or she only assigns glamour work to certain people or certain types
of people. Work with the supervisor to figure out (1) if the available pool for
glamour work assignments is diverse but is not being tapped fully or (2) if
only a few people have the requisite skills for glamour work assignments. Read
the “Responses to Common Pushback” and “Identifying Bias in Assignments”
worksheets (available at BiasInterrupters.org) before the bounceback meetings
to prepare. You may have to address low-profile work explicitly at the same
time as you address high-profile assignments; this will vary by law firm.
If a diverse pool has the requisite skills . . .
• Implement a rotation. Have the supervisor set up a rotation to ensure fair
access to plum assignments.
• Formalize the pool. Write down the list of people with the requisite skills and
make it visible to the supervisor. Sometimes just being reminded of the pool can
help.
• Institute accountability. Have the supervisor track his or her allocation of glamour work going forward to measure progress. Research shows that accountability matters.37
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If the pool is not diverse . . .
• Revisit the assumption that only one (or very few) employees can handle this
assignment. Is that true, or is the supervisor just more comfortable working
with those few people?
• Analyze how the pool was assembled. Does the supervisor allocate the glamour
work by relying on self-promotion or volunteers? If so, that will often disadvantage women and people of color. Shift to more objective measures to create the
pool based on skills and qualifications.
If the above suggestions aren’t relevant or don’t solve your problem, then it’s time to
expand the pool:
• Development plan. Identify what skills or competencies an employee needs to
be eligible for the high-profile assignments work and develop a plan to help the
employee develop the requisite skills.
• Succession planning. Remember that having “bench strength” is important so
your department won’t be left scrambling if someone unexpectedly leaves the
company.
• Leverage existing HR policies. If your organization uses a competency-based
system or has a Talent Development Committee or equivalent, use that resource
to help develop competencies so career-enhancing assignments can be allocated
more fairly.
• Shadowing. Have a more junior person shadow a more experienced person
during the high-profile assignment.
• Mentoring. Establish a mentoring program to help a broader range of junior
people gain access to valued skills.
If you can’t expand your pool, reframe the assignment so that more people could
participate in it. Could you break up the assignment into discrete pieces so more
people get the experiences they need?
If nothing else works, consider a formal assignment system. Appoint an assignments
czar to oversee the distribution of assignments in your organization. See examples of
what other law firms have done at BiasInterrupters.org.

3. Repeat as Needed
• Return to your metrics. Did the bias interrupters produce change?
• If you still don’t have a fair allocation of high- and low-profile work, you may
need to implement stronger bias interrupters or consider moving to a formal
assignment system.
• Use an iterative process until your metrics improve.
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Interrupting Bias in
Performance Evaluations
Tools for Law Firms
The Challenge
In one study, law firm partners were asked to evaluate a memo by a third-year
associate. Half the partners were told the associate was black; the other half were
told the identical memo was written by a white associate. The partners found 41%
more errors in the memo they believed was written by a black associate as compared
with a white associate.38 Overall rankings also differed by race. Partners graded the
white author as having “potential” and being “generally good,” whereas they graded
the black author as “average at best.”

The Solution: A Three-Step Approach
1. Use Metrics
Businesses use metrics to assess their progress toward any strategic goal. Metrics
can help you pinpoint where bias exists and assess the effectiveness of the measures
you’ve taken. (Whether metrics are made public will vary from firm to firm and from
metric to metric.)
For each metric, examine:
• Do patterned differences exist between majority men, majority women, men
of color, and women of color? Include any other underrepresented group that
your firm tracks, such as military veterans, LGBTQ people, or individuals with
disabilities.
• Do patterned differences exist for parents after they return from leave or for
lawyers who reduce their hours?
• Do patterned differences exist between full-time and part-time employees?
Important metrics to analyze:
• Do your performance evaluations show consistent disparities by demographic
group?
• Do women’s ratings fall after they have children? Do employees’ ratings fall
after they take parental leave or adopt flexible work arrangements?
• Do the same performance ratings result in different promotion or compensation
rates for different groups?
Keep metrics by (1) supervising attorney; (2) department; (3) country, if relevant; and
(4) the law firm as a whole.
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2. Implement Bias Interrupters
All bias interrupters should apply both to written evaluations and in meetings, where
relevant. Because every firm is different, not all interrupters will be relevant. Consider
this a menu.
To understand the research and rationale behind the suggested bias interrupters, read
the “Identifying Bias in Performance Evaluations Worksheet,” available online at
BiasInterrupters.org.

A. Empower and Appoint
• Empower people involved in the evaluation process to spot and interrupt bias.
Use the “Identifying Bias in Performance Evaluations Worksheet,“ available
online at BiasInterrupters.org. Read and distribute.
• Appoint bias interrupters. Provide HR professionals or team members with
special training to spot bias and involve them at every step of the performance
evaluation process. Training is available at BiasInterrupters.org.

B. Tweak the Evaluation Form
• Begin with clear and specific performance criteria directly related to job requirements. Try “He is able to write an effective summary judgment motion under
strict deadlines” instead of “He writes well.”
• Require evidence from the evaluation period that justifies the rating. Try “In
March, she argued X motion in front of Y judge on Z case, answered his questions effectively, and was successful in getting the optimal judgment” instead of
“She’s quick on her feet.”
• Consider performance and potential separately for each candidate. Performance
and potential should be appraised separately. Majority men tend to be judged
on potential; others are judged on performance.
Separate personality issues from skill sets for each candidate. Personal style should
be appraised separately from skills because a narrower range of behavior often is
accepted from women and people of color. For example, women may be labeled
“difficult” for doing things that are accepted in majority men.

C. Tweak the Evaluation Process
• Level the playing field. Ensure that all candidates know how to promote themselves effectively and send the message that they are expected to do so. Distribute the “Writing an Effective Self-Evaluation Worksheet,” available online at
BiasInterrupters.org.
• Offer alternatives to self-promotion. Encourage or require supervisors to set up
more formal systems for sharing successes, such as a monthly e-mail that lists
employees’ accomplishments.
• Provide a bounceback. Supervisors whose performance evaluations show persistent bias should receive a bounceback (i.e., someone should talk through the
evidence with them).
• Have bias interrupters play an active role in calibration meetings. In many law
firms and legal departments, the Executive Committee or another body meets
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What’s a bounceback?

An example: in one organization,
when a supervisor’s ratings of an
underrepresented group deviate
dramatically from the mean, the
evaluations are returned to the
supervisor with the message:
either you have an undiagnosed
performance problem that requires
a Performance Improvement Plan
(PIP), or you need to take another look at your evaluations as a
group. The organization found
that a few people were put on
PIPs, but over time, supervisors’
ratings of underrepresented groups
converged with those of majority
men. A subsequent survey found
that employees of all demographic
groups rated their performance
evaluations as equally fair (whereas bias was reported in hiring—
and every other business system).
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to produce a target distribution of ratings or to
cross-calibrate rankings. Have participants read
the “Identifying Bias in Performance Evaluations
Worksheet” on bias before they meet (available at
BiasInterrupters.org). Have a trained bias interrupter in the room.
• Don’t eliminate your performance appraisal
system. Eliminating formal performance evaluation systems and replacing them with feedback on
the fly creates conditions for bias to flourish.

3. Repeat as Needed
• Return to your key metrics. Did the bias interrupters produce change?
• If you don’t see change, you may need to
implement stronger bias interrupters, or you may
be targeting the wrong place in the performance
evaluation process.
• Use an iterative process until your metrics
improve.
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Interrupting Bias in
Partner Compensation
Tools for Law Firms
The Challenge
The gender pay gap in law firms has been extensively documented for decades. A
2016 report by Major, Lindsey, and Africa found a 44% pay gap between male and
female law firm partners.39 The report also found a 50% difference in origination
credit, which many use to explain the pay gap: men earn more money because they
bring in more business. Studies show the picture is much more complicated.
• One study found that even when women partners originated similar levels of
business as men, they still earned less.40
• Another study found that 32% of white women income partners and 36% of
women partners of color reported that they had been intimidated, threatened,
or bullied out of origination credit.41
• The same study found that more than 80% of women partners reported being
denied their fair share of origination credit in the previous three years.42
• Doesn’t everyone think their compensation is unfair? Not to the same degree: a
recent survey of lawyers found that male lawyers were about 20% more likely
than white women lawyers and 30% more likely than women lawyers of color
to say that their pay was comparable to their colleagues of similar experience.43

The Solution: A Three-Step Approach
1. Use Metrics
Businesses use metrics to assess their progress toward any strategic goal. Metrics
can help you pinpoint where bias exists and assess the effectiveness of the measures
you’ve taken. (Whether metrics are made public will vary from firm to firm and from
metric to metric.)
For each metric, examine:
• Do patterned differences exist between majority men, majority women, men of
color, and women partners of color? (Include any other underrepresented group
that your firm tracks, such as military veterans or LGBTQ people.)
• Are partners disadvantaged for taking parental leave? Are parents or others
with caregiving responsibilities excluded from future opportunities?
• Do part-time lawyers receive less than proportionate pay for proportionate
work? Are they excluded from future opportunities?
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Important metrics to analyze:
• Compare compensation with a variety of lenses and look for patterns. Lenses
include relationship enhancement, hours and working time revenues, and so
forth. Do separate analyses for equity and income partners.
• Succession. Analyze who inherits compensation credit and client relationships
and how and when the credit moves.
• Origination and other important forms of credit. Analyze who gets origination
and other important forms of credit, how often it is split, and who does (and
does not) split it. If your firm does not provide credit for relationship enhancement, analyze how that rule affects different demographic groups—and consider
changing it.
• Comp adjustments. Analyze how quickly compensation falls, and by what percentage during a lean period and how quickly compensation rises during times
of growth. (When partners lose key clients, majority men often are given more
of a runway to recover than other groups.)
• De-equitization. Analyze who gets de-equitized.
• Pitch credit. Analyze who has opportunities to go on pitches, who plays a
speaking role, and who receives origination and other forms of credit from
pitches.
• Lateral partners. Analyze whether laterals are paid more in relation to their
metrics. This is a major factor in defeating diversity efforts at some firms.
Keep metrics by (1) individual supervising lawyer; (2) department; (3) country, if
relevant; and (4) the firm as a whole.

2. Implement Bias Interrupters
To understand the research and rationale behind the suggested bias interrupters,
read the “Identifying Bias in Partner Compensation Worksheet,” available online at
BiasInterrupters.org.

A. Find Out What Drives Compensation—and Be Transparent about What
You Find
• Commission an analysis. Although firms may say they value a broad range
of factors, many experts agree that origination and billable hours account for
almost all variance in compensation.44 Hire a law firm compensation consultant
or statistician to find out what factors determine compensation at your firm.
• Be transparent about what drives compensation. This is a vital first step to
empowering women and people of color to refuse work that does not enhance
their compensation and focus on work that positions them to receive higher
compensation. Studies show that reducing ambiguity reduces gender bias in
negotiations—and law firm compensation often involves negotiation among
partners.45 If only those “in the know” understand what’s really valued, that
will benefit a small in group that typically reflects the demography of your
existing equity partnership.
• Value everything that’s valuable. Give credit for nonbillable work that is vital to
sustaining the long-term health of the firm—including relationship enhancement
credit, credit for lawyers who actually do the client’s work, and talent manage-
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ment. If the firm says it values mentoring and greater diversity but does not in
fact do so, this will disadvantage women and lawyers of color.

B. Establish Clear, Public Rules
• Establish clear rules governing granting and splitting origination and other valuable forms of credit. Research suggests that men are more likely to split origination credit with men than with women and that women may get less origination
credit than men even when they do a similar amount of work to bring in the
client.46 Set clear, public rules addressing how origination credit should be split
by publishing and publicizing a memo that details how partners should split
credit under common scenarios.
• Establish a formal system of succession planning. If your firm allows origination credit to be inherited, institute a formal succession planning process. Otherwise, in-group favoritism means that your current pattern of origination credit
will be replicated over and over again, with negative consequences for diversity.
• Pitch credit. Women attorneys and attorneys of color often report being used
as “eye candy”—brought to pitches but then not given a fair share of credit or
work that results. Establish rules to ensure this does not occur. The best practice
is that if someone does the work for the pitch, he or she should be recognized
with credit that accurately reflects his or her role in doing and winning the
work.
• Parental leave. Counting billables and other metrics as “zero” for the months
women (or men) are on parental leave is a violation of the Family and Medical
Leave Act, where applicable, and is unfair even where it is not illegal. Instead,
annualize based on the average of the months the attorney was at work, allowing for a ramp-up and ramp-down period.
• Part-time partners. Compensation for part-time partners should be proportional. Specifics on how to enact proportional compensation depends on which
compensation system a law firm uses. See the “Best Practices for Part-Time Partner Compensation” paper for details, available at BiasInterrupters.org.

C. Establish Procedures to Ensure the Perception and Reality of Fairness
• Institute a low-risk way partners can receive help in disputes over credit. Set up
a way to settle disputes over origination and other forms of credit that lawyers
can use without raising eyebrows.
• Provide templates for partner comp memos—and prohibit pushback. Some
firms provide opportunities for partners and associates to make their case to the
compensation committee by writing a compensation memo. If your firm does
this, distribute the worksheet (online at BiasInterrupters.org) on how to write
an effective compensation memo and set rules and norms to ensure that women
and minorities are not penalized for self-promotion. If not, give partners the
opportunity to provide evidence about their work: research shows that women’s successes tend to be discounted and their mistakes remembered longer than
men’s.
• Institute quality control over how compensation is communicated to partners.
Design a structured system for communicating with partners to explain what
factors went into determining their compensation.
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• When hiring, don’t ask candidates about prior salary. Asking about prior salary
when setting compensation for a new hire can perpetuate the gender pay gap.47
(A growing legislative movement prohibits employers from asking prospective
employees about their prior salaries.48)
• Have a bias interrupter at meetings where compensation is set. This is a person
who has been trained to spot the kinds of bias that commonly arise.
• Training. Make sure that your compensation committee, and anyone else
involved in setting compensation, knows how implicit bias commonly plays out
in law firm partner compensation and how to interrupt that bias. Read and distribute the “Identifying Bias in Partner Compensation Worksheet” (available at
BiasInterrupters.org).

3. Repeat as Needed
• Return to your key metrics. Did the bias interrupters produce change?
• If you don’t see change, you may need to implement stronger bias interrupters,
or you may be targeting the wrong place in the compensation process.
• Use an iterative process until your metrics improve.
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Small Steps, Big Change
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Interrupting Bias in Hiring
Tools for In-House Departments
The Challenge:
When comparing identical resumes, “Jamal” needed eight additional years of
experience to be considered as qualified as “Greg,” mothers were 79% less likely to
be hired than an otherwise-identical candidate without children, and “Jennifer” was
offered $4,000 less in starting salary than “John.”49 Unstructured job interviews
do not predict job success,50 and judging candidates on “culture fit” can screen out
qualified diverse candidates.51

The Solution: A Three-Step Approach
1. Use Metrics
Businesses use metrics to assess their progress toward any strategic goal. Metrics
can help you pinpoint where bias exists and assess the effectiveness of the measures
you’ve taken.
For in-house departments, some metrics may be possible to track; others may require
HR or can only be tracked company-wide. Depending on the structure and size of
your in-house department, identify what’s feasible.
Whether metrics are made public will vary from company to company and from
metric to metric.
For each metric, examine:
• Do patterned differences exist between majority men, majority women, men
of color, and women of color? (Include any other underrepresented group that
your department/company tracks, such as veterans, LGBTQ people, etc.)
Important metrics to analyze:
• The goal is to track the candidate pool through the entire hiring process—from
initial contact, to resume review, to interviews, to hiring—and then to analyze
where underrepresented groups are falling out of the hiring process. How much
you can track will depend on how your company’s systems are set up, as will
the extent to which you will need help from HR.
• Track whether hiring qualifications are waived more often for some groups.
You may be able to do this only for those parts of the hiring process that are
done at a departmental level, such as final-round interviews.
• Track interviewers’ reviews and recommendations to look for demographic
patterns. Again, your department’s ability to do this will depend on what is handled at a departmental level, or your HR department may be willing to do this
tracking.
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Keep in-house metrics by (1) individual supervisor; (2) department, if your in-house
department is large enough to have its own departments; and (3) country, if relevant.

2. Implement Bias Interrupters
All bias interrupters should apply both to written materials and in meetings, where
relevant.
Because in-house departments are all different and vary in size and structure, not all
interrupters will be relevant. Depending on how much of the hiring process is done
by the in-house department versus HR, some of the interrupters may be more feasible
than others. Consider this a menu.
To understand the research and rationale behind the suggested bias interrupters, read
the “Identifying Bias in Hiring Worksheet,” available online at BiasInterrupters.org,
which summarizes hundreds of studies.

A. Empower and Appoint
• Empower people involved in the hiring process to spot and interrupt bias. Use
the “Identifying Bias in Hiring Worksheet,” available online at BiasInterrupters
.org, and distribute this to anyone involved in hiring.
• Appoint bias interrupters. Provide HR professionals or team members with special training to spot bias and involve them at every step of the hiring process.
Training is available at BiasInterrupters.org.

B. Tips to Help You Assemble a Diverse Pool
• If your department hires by referral, keep track of the candidate flow from referrals. Hiring from current employees’ social networks may well replicate lack of
diversity if your department is not diverse. If your analysis finds that referrals
consistently provide majority candidates, consider limiting referrals or balance
referral hiring with more targeted outreach to ensure a diverse candidate pool.
• Recruit where diverse candidates are. If your department handles recruiting,
make sure to reach out to diverse candidates where they are. Identify law job
fairs, affinity networks, conferences, and training programs aimed at women
and people of color and send recruiters. If your department does not do recruiting, consider asking the people in charge to do more targeted recruitment.
• If recruitment happens mostly at law schools, consider candidates from multitier schools. Don’t limit your search to candidates from Ivy League and top-tier
schools. This practice favors majority candidates from elite backgrounds and
hurts people of color and professionals from nonprofessional backgrounds
(class migrants).52 If another department handles recruiting, let them know that
your department would like to consider candidates from a broader range of law
schools.
• If your department writes its own job postings, make sure you are not using language that has been shown to decrease the number of women applicants (words
such as competitive or ambitious). If HR is in charge of the job postings, suggest that they review job posts in the same way. Tech companies such as Textio
and Unitive can help.

Bias Interrupters

31

• Insist on a diverse pool. If HR creates a pool for your department, tell them
that you expect the pool to be diverse. One study found the odds of hiring a
woman were 79 times greater if there were at least two women in the finalist
pool; the odds of hiring a person of color were 194 times greater.53 If HR does
not present a diverse pool, try to figure out where the lack of diversity is coming from. Is HR weeding out the diverse candidates, or are the jobs not attracting diverse candidates?

C. Interrupting Bias While Reviewing Resumes
If your in-house department conducts the initial resume screening, use the following
bias interrupters. If HR does the initial screening, encourage them to implement the
following tips to ensure that your department receives the most qualified candidates.
• Distribute the “Identifying Bias in Hiring Worksheet” before resumes are
reviewed (available at BiasInterrupters.org) so reviewers are aware of the common forms of bias that can affect the hiring process.
• If candidates’ resumes are reviewed by your department, commit to what qualifications are important—and require accountability. When qualifications are
waived for a specific candidate, require an explanation of why the qualification
at issue is no longer important—and keep track to see for whom requirements
are waived.54 If HR reviews the resumes, give HR a clear list of the qualifications your department is seeking.
• Establish clear grading rubrics and ensure that all resumes are graded on the
same scale. If possible, have each resume reviewed by two different people and
average the scores. If HR reviews resumes, encourage them to review resumes
based on the rubric that you provide to them.
• Remove extracurricular activities from resumes. Including extracurricular activities on resumes can favor elite majority candidates.55 Remove extracurriculars
from resumes before you review them or ask HR to do this.
• Watch out for Maternal Wall bias. Mothers are 79% less likely to be hired than
an identical candidate without children.56 Train people who review resumes
not to make inferences about whether someone is committed to the job due to
parental status. Instruct them not to count “gaps in a resume” as an automatic
negative. If HR reviews resumes, ask them to do the same.
• Try using “blind auditions.” If women and candidates of color are dropping out
of the pool at the resume review stage, consider removing demographic information from resumes before review—or ask HR to do it.

D. Controlling Bias in the Interview Process
• Ask the same questions to every person you interview. Come up with a set list
of questions you will ask each candidate and ask them in the same order to
each person. Ask questions that are directly relevant to the job for which the
candidate is applying.57
• Ask performance-based, work-relevant questions. Performance-based questions,
or behavioral interview questions (“Tell me about a time you had too many
things to do and had to prioritize.”), are a strong predictor of how successful a
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candidate will be on the job.58 Ask questions that are directly relevant to situations that arise in your department.
Require a work sample. If applicable, ask candidates to demonstrate the skills
they will need on the job (e.g., ask candidates to write an advisory letter to the
sales team about a new product.)
Standardize the interview evaluation process. Develop a consistent rating scale
for candidates’ answers and work samples. Each rating should be backed up
with evidence. Average the scores granted on each relevant criterion and discount outliers.59
Try behavioral interviewing.60 Ask questions that reveal how candidates have
dealt with prior work experiences. Research shows that structured behavioral
interviews can more accurately predict the future performance of a candidate
than unstructured interviews.61 Instead of asking “How do you deal with problems with your manager?” say “Describe for me a conflict you had at work
with your manager.” When evaluating answers, a good model to follow is
STAR62: the candidate should describe the Situation faced, the Task handled, the
Action taken to deal with the situation, and the Result.
If you use culture fit, do so carefully. Using culture fit as a hiring criterion can
thwart diversity efforts.63 Culture fit (“Would I like to get stuck in an airport
with this candidate?”) can be a powerful force for reproducing the current
makeup of the organization when it’s misused.64 Questions about sports and
hobbies may feel exclusionary to women and to class migrants who did not
grow up playing golf or listening to classical music. If culture fit is a criterion
for hiring, provide a specific work-relevant definition. Google’s work-relevant
definition of culture fit is a helpful starting point.65
Ask directly about “gaps in a resume.” Women fare better in interviews when
they are able to provide information up front rather than having to avoid the
issue.66 Instruct your interviewing team to give, in a neutral and nonjudgmental
fashion, candidates the opportunity to explain gaps in their resumes.
Be transparent to applicants about what you’re seeking. Provide candidates
and interviewers with a handout that explains to everyone what’s expected
from candidates in an interview. Distribute it to candidates and interviewers for
review so everyone is on the same page about what your in-house department is
seeking. An example “Interview Protocol Sheet” is available at BiasInterrupters
.org.
Don’t ask candidates about prior salary. Asking about prior salary when setting
compensation for a new hire can perpetuate the gender pay gap.67 (A growing
legislative movement prohibits employers from asking prospective employees
about their prior salaries.68)

3. Repeat as Needed
• Return to your key metrics. Did the bias interrupters produce change?
• If you don’t see change, you may need to implement stronger bias interrupters,
or you may be targeting the wrong place in the hiring process.
• Use an iterative process until your metrics improve.
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Interrupting Bias in
Assignments
Tools for In-House Departments
The Challenge
Diversity at the top can only occur when diverse employees at all levels of the
organization have access to assignments that let them take risks and develop new
skills. A level playing field requires that both the glamour work (career-enhancing
assignments) and the office housework (the less high-profile and back-office work) are
distributed fairly. If your department uses an informal “hey, you!” assignment system
to distribute assignments, you may end up inadvertently distributing assignments in
an inequitable fashion.
If women and people of color keep getting stuck with the same low-profile
assignments, they will be more likely to be dissatisfied and to search for opportunities
elsewhere.69

The Solution: A Three-Step Approach
Fair allocation of the glamour work and the office housework are two separate
problems. Some in-house departments will want to solve the office housework
problem before tackling the glamour work; others will want to address both
problems simultaneously. This will depend on the size of your in-house department
and how work is currently assigned.

1. Use Metrics
A. Identify and Track
For each metric, examine:
• What is the office housework and glamour work in your department?
• Who is doing what and for how long?
• Are there demographic patterns that indicate gender and/or racial bias at play?
Important metrics to analyze:
1. Distribute an office housework survey to members of your department to
find out who is doing the office housework and how much of their time it
requires. Create your own survey or use ours, available at BiasInterrupters
.org.
2. Convene relevant managers (and anyone else who distributes assignments)
to identify what is the glamour work and what is the lower-profile work in
the department. Worksheets and protocols to help you are available online at
BiasInterrupters.org.
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3. Once you have identified what the glamour work is in your department, ask
managers to report which employees have been doing the glamour work.
Worksheets are also available at BiasInterrupters.org.

B. Analyze Metrics
Analyze office housework survey results and glamour worksheets for demographic
patterns, dividing employees into (1) majority men, majority women, men of
color, and women of color, (2) parents who have just returned from parental
leave, (3) professionals working part-time or flexible schedules, and (4) any other
underrepresented group that your organization tracks (e.g., veterans, LGBTQ people,
individuals with disabilities). (This will also depend on the size of your in-house
department. If there are only one or two people in a category, the metric won’t be
scientifically viable.)
•
•
•
•

Who is doing the office housework?
Who is doing the glamour work?
Who is doing the low-profile work?
Create and analyze metrics by individual supervisor.

2. Implement Bias Interrupters
Because every in-house department is different and varies so much in size and
structure, not all interrupters will be relevant. Depending on how much of the hiring
process is done by the in-house department versus HR, some of the interrupters may
be more feasible than others. Consider this a menu.

A. Office Housework Interrupters
• Don’t ask for volunteers. Women are more likely to volunteer because they are
under subtle but powerful pressures to do so.70
• Hold everyone equally accountable. “I give it to women because they do it
well—men don’t.” This dynamic reflects an environment in which men suffer
few consequences for doing a poor job on less glamorous assignments and
women who do the same are faulted as “not being team players.”
• Use admins. Assign office housework tasks (e.g., planning birthday parties,
scheduling meetings, ordering lunch) to admins if your department has enough
admin support to do so.
• Establish a rotation. A rotation is helpful for many administrative tasks (e.g.,
taking notes, scheduling meetings). Rotating housework tasks (e.g., ordering
lunch and planning parties) is also an option if admins are unavailable, making
it a good option for in-house departments.
• Shadowing. Another option in larger departments is to assign a more junior
person to shadow someone more senior—and to do administrative tasks such as
taking notes.

B. Glamour Work Interrupters
• Value what’s valuable. If your department values such things as mentoring and
committee work (such as serving on the Diversity Initiative), make sure these
things are valued when the time comes for promotions and raises. Sometimes
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companies say they highly value this kind of work—but they don’t. Mixed
messages of this kind will negatively affect women and people of color. If
your department doesn’t have complete control over promotions and raises,
work with relevant departments to ensure that communicated values are being
rewarded appropriately. When members of your in-house department take on
diversity work, make sure they have suitable staff support.
• Announce your goals of equitable assignments. Gather your team (or the members of your team who distribute assignments) to introduce the bias interrupters
initiative and set expectations. Key talking points for the roll-out meeting are
available online at BiasInterrupters.org.
• Provide a bounceback. If your metrics reveal that some members of your
department distribute assignments inequitably, hold a bounceback meeting.
Help the person in question think through why he or she assigns glamour work
to certain people or certain types of people. Work with the person to figure out
whether (1) the available pool for glamour work assignments is diverse but is
not being tapped fully or whether (2) only a few people have the requisite skills
for glamour work assignments. Use the “Responses to Common Pushback” and
“Identifying Bias in Assignments” worksheets (available at www.BiasInterrupters
.org) to prepare for bounceback meetings.
If a diverse pool has the requisite skills . . .
• Implement a rotation. Set up a system where plum assignments are rotated
between qualified employees.
• Formalize the pool. Write down the list of people with the requisite skills and
make it visible to whomever distributes assignments. Suggest or require anyone
handing out plum assignments to review the list of qualified legal professionals
before making a decision. Sometimes just being reminded of the pool can help.
• Institute accountability. Require people handing out assignments to keep track
of who gets plum assignments. Research shows that accountability matters.71
If the pool is not diverse . . .
• Revisit your assumptions. Can only one (or very few) employees handle this
type of assignment, or is it just that you feel more comfortable working with
those few people?
• Revisit how the pool was assembled. When access to career-enhancing assignments depends on “go-getters” who ask for them, women, people of color, and
class migrants may be disadvantaged because self-promotion is less acceptable
to them or less accepted when they do it.
If these suggestions aren’t relevant or don’t solve your problem, then it’s time to
expand the pool. Small in-house departments may have to find creative ways to do
this.
• Development plan. For the attorneys or other legal professionals who aren’t yet
able to handle the plum assignments, what skills would they need to be eligible?
Identify those skills and institute a development plan.
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• Succession planning. Remember that having “bench strength” is important so
that your department won’t be left scrambling if someone unexpectedly leaves
the company.
• Leverage existing HR policies. If your company has a Talent Development Committee or professional development resources, use this resource to help your
legal professionals develop the skills they need to handle plum assignments.
• Shadowing. Have a more junior person shadow a more experienced person
during a high-profile assignment.
• Mentoring. Establish a mentoring program to help a broader range of junior
people gain access to valued skills.
If you can’t expand your pool, reframe the assignment. Can you break up the
assignment into discrete pieces so more people can participate and get the experiences
they need?
If nothing else works, consider a formal assignment system.

3. Repeat as Needed
• Return to your metrics. Did the bias interrupters produce change?
• If you still don’t have a fair allocation of high- and low-profile work, you may
need to implement stronger bias interrupters or consider moving to a formal
assignment system.
• Use an iterative process until your metrics improve.
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Interrupting Bias in
Performance Evaluations
Tools for In-House Departments
The Challenge
Bias in performance evaluations has been well documented for decades.72
In one study, law firm partners were asked to evaluate a memo by a third-year
associate. Half the partners were told the associate was black; the other half were
told the identical memo was written by a white associate. The partners found 41%
more errors in the memo they believed was written by a black associate as compared
with a white associate.73 Overall rankings also differed by race. Partners graded the
white author as having “potential” and being “generally good,” whereas they graded
the black author as “average at best.”
The problem isn’t limited to law firms. One informal study in tech revealed that 66%
of women’s performance reviews but only 1% of men’s reviews contained negative
personality criticism.74 Bias in the evaluation process stretches across industries.

The Solution: A Three-Step Approach
1. Use Metrics
For in-house departments, some metrics may be possible to track; others may require
HR or can only be tracked company-wide. Depending on the structure and size of
your department, identify which metrics you are able to track.
For each metric, examine:
• Do patterned differences exist between majority men, majority women, men
of color, and women of color? Include any other underrepresented group that
your company tracks, such as veterans, LGBTQ people, or individuals with
disabilities.
• Do patterned differences exist for parents after they return from leave or for
employees who reduce their hours?
• Do patterned differences exist between full-time and part-time lawyers and
other legal professionals?
Important metrics to analyze:
• Do your performance evaluations show consistent disparities by demographic
group?
• Do women’s ratings fall after they have children? Do ratings fall after professionals take parental leave or adopt flexible work arrangements?
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• Do the same performance ratings result in different promotion or compensation
rates for different groups?
Keep in-house metrics by (1) individual supervisor; (2) department, if your in-house
department is large enough to have its own departments; and (3) country, if relevant.

2. Implement Bias Interrupters
All bias interrupters should apply both to written materials and in meetings, where
relevant.
Because in-house departments vary so much in size and structure, not all interrupters
will be relevant to every company. Also, some interrupters will not be feasible,
depending on how much of the hiring process is done by the in-house department
versus HR. Consider this as a menu.
To understand the research and rationale behind the suggested bias interrupters, read
the “Identifying Bias in Performance Evaluations Worksheet,” available online at
BiasInterrupters.org, which summarizes hundreds of studies.

A. Empower and Appoint
• Empower people involved in the evaluation process to spot and interrupt bias.
Use the “Identifying Bias in Performance Evaluations Worksheet,” available
at BiasInterrupters.org, and distribute it to those involved in the evaluation
process.
• Appoint bias interrupters. Provide HR professionals or team members with
special training to spot bias and involve them at every step of the performance
evaluation process. Training is available at BiasInterrupters.org.

B. Tips for Tweaking the Evaluation Form
Many in-house departments do not have control over their performance evaluation
forms, so some of these suggestions will not be feasible.
• Begin with clear and specific performance criteria directly related to job requirements. Try “He is able to write clear memos to leadership that accurately portray the legal situations at hand” instead of “He writes well.”
• Instruct reviewers to provide evidence to justify their rating and hold them
accountable. Global ratings, with no specifics to back them up, are a recipe for
bias and do not provide constructive advice to the employee being reviewed.
• Ensure that the evidence is from the evaluation period. The evaluation form
should make it clear that a mistake an employee made two years ago isn’t
acceptable evidence for a poor rating today.
• Separate discussions of potential and performance. There is a tendency
for majority men to be judged on potential and others to be judged on
performance.
• Separate personality issues from skill sets. A narrower range of behavior often is
accepted from women and people of color than from majority men.
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C. Tips for Tweaking the Evaluation Process
• Help everyone effectively advocate for themselves. Distribute the “Writing an
Effective Self-Evaluation,” available online at BiasInterrupters.org.
• If the evaluation process requires self-promotion, offer alternatives. Set up more
formal systems for sharing successes within your in-house department, such as a
monthly e-mail that lists employees’ accomplishments.
• Provide a bounceback. If possible, ask HR for an analysis (or do your own) to
ensure that individual supervisors’ reviews do not show bias toward or against
any particular group. If they do, hold a meeting with that supervisor to help the
person in question think through why certain types of people are getting lower
performance evaluations. Work with the supervisor to figure out whether (1)
the individuals in question are having performance problems and should be put
on Performance Improvement Plans or whether (2) the supervisor should reexamine how employees are being evaluated.
• Have bias interrupters play an active role. If your in-house department holds
calibration meetings, make sure there is a bias interrupter in the room to spot
and correct any instances of bias. If a bias interrupter can’t be in the room, have
participants read the “Identifying Bias in Performance Evaluations Worksheet”
before they meet, available online at BiasInterrupters.org.
• Don’t eliminate your performance appraisal system. To the extent that you have
a say in the HR operations in your company, encourage your company not to
eliminate formal performance appraisal systems. Informal, on the fly performance evaluation systems are becoming more popular, but they have a tendency
to reproduce patterns of bias.

3. Repeat as Needed
• Return to your key metrics. Did the bias interrupters produce change?
• If you don’t see change, you may need to implement stronger bias interrupters,
or you may be targeting the wrong place in the performance evaluation process.
• Use an iterative process until your metrics improve.
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Interrupting Bias in
Compensation
Tools for In-House Departments
The Challenge
The in-house gender pay gap has not been well studied, but a 2017 report from the
Association of Corporate Counsel described a “dramatic” gender pay disparity based
on a survey taken by 1,800 in-house counsel. The report found that there is a higher
proportion of men in six of seven salary bands above $199,000—yet only 8% of
male respondents believed that a pay gap existed. 75
Interrupting bias in compensation for in-house departments can be tricky because
decisions and policies around compensation typically are made at the company level,
but there are steps your department can take to begin to address the problem.

The Solution
The following recommendations can be implemented at the departmental level to
reduce bias in compensation.
• Communicate your organization’s compensation strategy. If only those “in the
know” understand what’s really valued, that will only benefit a small in group.
• When hiring, don’t ask candidates about prior salary. Asking about prior salary
when setting compensation for a new hire can perpetuate the gender pay gap.76
(A growing legislative movement prohibits employers from asking prospective
employees about their prior salaries.77)
• Read and distribute the “Identifying Bias in Compensation Worksheet” to anyone involved in compensation decisions in your department (available online at
BiasInterrupters.org).
• Obtain surveys and benchmarking data at regular intervals. Assess whether
compensation in your in-house department is competitive with the relevant
market. SHRM and similar organizations provide guidance to help you choose
reputable compensation surveys and benchmarking data. Typically these data
are behind a pay wall.
• Encourage HR to implement pay equity audits under the direction of the legal
department or outside lawyers to maximize the chance that the data collected is
not discoverable under attorney–client privilege.
• When pay disparity is discovered, work with HR or the equivalent department
to address the disparity within a reasonable period of time.
• Institute a low-risk way people can get help in disputes over compensation. Set
up a way to settle disputes over compensation that lawyers and legal professionals can use without raising eyebrows.
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Best Practice:
Sponsorship
Based on Ricardo Anzaldua’s MetLife Sponsorship
Program
These Best Practice recommendations are based on conversations with Ricardo
Anzaldua, GC of MetLife, who implemented a similar program in his department.
Identify top talent. Create a system that controls for unconscious bias to identify top
talent (including nondiverse talent) to defeat arguments that the program is designed
to unfairly advantage or disadvantage particular groups. To identify top talent early,
MetLife used existing talent-identifying tools and introduced survey techniques to
control for unconscious bias. Make sure that your system:
• Draws input from many different sources (not just managers; also include clients, peers, subordinates, etc.)
• Seeks assessments of both performance and potential from varying perspectives
Pair each top-talent candidate with a trained senior-level sponsor who is held
accountable.
• Tie effective sponsorship with manager performance evaluations, compensation,
and ability to be promoted.
• To ensure that sponsorship does not come to be regarded as a risk of being
considered a poor performer with little reward, either (1) enlist all officer-level
managers to be sponsors or (2) create upside rewards available only to effective
sponsors. (Note: enlisting all managers to be sponsors is simpler and helps get
buy-in to the program.)
• Create and inculcate leadership competencies for managers that they can also
use to advance.
• All top talent should be paired with sponsors, but pair diverse top-talent candidates with senior management.
• Make sure each protégé has a mentor (preferably not the sponsor).
Develop goals and milestones for protégés.
• Each sponsor-protégé pair creates a mutually agreed-upon career goal that can
be accomplished in three to five years.
• Each sponsor creates a development plan that includes milestones along the
way (opportunities and experiences needed to accomplish the career goal). Milestones may include presentations, managing/leading a team, communication
training, leading a significant project (e.g., transaction, litigation, regulatory
examination), and executive presence coaching.
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Create action learning teams (ALTs).
• Create small teams of protégés and sponsors (pair sponsors with different
groups of protégés).
• Give ALTs senior-management-level problems and task them with formulating,
in three to six months, written proposals to solve the issues, including how to
involve non-legal resources.
• Bring in SMEs to facilitate the more technical aspects of specific problems.
• At various points in the process, ALTs should brief senior management on the
status of their work.
Bake sponsorship and ALTs into existing talent development systems, performance
evaluations systems, and HR processes.
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About the ABA Commission on Women in the
Profession
As a national voice for women lawyers, the ABA Commission on Women in the
Profession forges a new and better profession that ensures that women have equal
opportunities for professional growth and advancement commensurate with their
male counterparts. It was created in 1987 to assess the status of women in the legal
profession and to identify barriers to their advancement. Hillary Rodham Clinton,
the first chair of the commission, issued a groundbreaking report in 1988 showing
that women lawyers were not advancing at a satisfactory rate.
Now entering its fourth decade, the commission not only reports the challenges
that women lawyers face, it also brings about positive change in the legal workplace
through such efforts as its Grit Project, Women of Color Research Initiative, Bias
Interrupters Project, and the Margaret Brent Women Lawyers of Achievement
Awards. Drawing upon the expertise and diverse backgrounds of its 12 members,
who are appointed by the ABA president, the commission develops programs,
policies, and publications to advance and assist women lawyers in public and private
practice, the judiciary, and academia.
For more information, visit www.americanbar.org/women.

About the Minority Corporate Counsel Association
(MCCA)
The preeminent voice on diversity and inclusion issues in the legal profession, MCCA
is committed to advancing the hiring, retention and promotion of diverse lawyers in
law departments and law firms by providing research, best practices, professional
development and training, and pipeline initiatives.
MCCA’s groundbreaking research and innovative training and professional
development programs highlight best practices and identify the most significant
diversity and inclusion challenges facing the legal community. MCCA takes an
inclusive approach to the definition of “diversity” including race and ethnicity,
gender, sexual orientation, disability status and generational differences.
Since MCCA’s founding 20 years ago, it has been recognized and honored by the
Association of Corporate Counsel, the National LGBT Bar Association, the National
Minority Business Council, Inc. and the U.S. Equal Employment Opportunity
Commission, among others. MCCA’s vision, “To make the next generation of legal
leaders as diverse as the world we live in,” is what drives the organization and our
passionate and committed partners.
For more information, visit www.mcca.com.
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