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People of Gov 51

• Jeremiah Cha (TF)
• Yao Yu (CA)
• Miroslav Bergam (CA)
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Course Website

• Office hour schedule links
• Syllabus, problem sets, slides and etc
• Relevant Events
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Logistics

• Slack
▶ Everyone should already be a member of the workspace.
▶ A place for discussion.

✓ We will pay less attention to direct messages on slack.

• Attendance
▶ Attendance to lecture and section is mandatory.
▶ You can skip 1 lecture and 1 section without any excuses.
▶ Let us know if you need to skip more.
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Logistics

• Grading and late submission
▶ We will not re-grade unless there are factual mistakes by us.
▶ You can submit 1 problem set late without any excuses.
▶ No late submission allowed to midterm or final.

▶ Let us know if you need more time.
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Coding Language

• R and Rstudio
• Sample P-set on Thursday Jan 26th.
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Causality

• Counterfactuals
What if???
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Experiments

• Randomization
• Internal Validity
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Observational Study

• Confounders
• Interference
• External Validity
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Is the Gender Gap Caused by Discrimination?
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Assessing Causality: Gender Biases in the Sciences

• Does gender affect hiring in science labs?
• Gender bias is pervasive, but is it in the sciences?
• Distribute survey to senior researchers (n = 127)
• Simple Randomization of applicant names in their resume

▶ Coin-flip determined assignment of gender to resume

• Outcomes: Assessment of competence, hireability, mentoring
offered
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Results: Gender Biases in the Sciences

bias because they have been rigorously trained to be objective.
On the other hand, research demonstrates that people who value
their objectivity and fairness are paradoxically particularly likely
to fall prey to biases, in part because they are not on guard
against subtle bias (24, 25). Thus, by investigating whether sci-
ence faculty exhibit a bias that could contribute to the gender
disparity within the !elds of science, technology, engineering,
and mathematics (in which objectivity is emphasized), the cur-
rent study addressed critical theoretical and practical gaps in that
it provided an experimental test of faculty discrimination against
female students within academic science.
A number of lines of research suggest that such discrimination

is likely. Science is robustly male gender-typed (26, 27), resour-
ces are inequitably distributed among men and women in many
academic science settings (28), some undergraduate women
perceive unequal treatment of the genders within science !elds
(29), and nonexperimental evidence suggests that gender bias is
present in other !elds (19). Some experimental evidence sug-
gests that even though evaluators report liking women more than
men (15), they judge women as less competent than men even
when they have identical backgrounds (20). However, these
studies used undergraduate students as participants (rather than
experienced faculty members), and focused on performance
domains outside of academic science, such as completing per-
ceptual tasks (21), writing nonscience articles (22), and being
evaluated for a corporate managerial position (23).
Thus, whether aspiring women scientists encounter discrimi-

nation from faculty members remains unknown. The formative
predoctoral years are a critical window, because students’ expe-
riences at this juncture shape both their beliefs about their own
abilities and subsequent persistence in science (30, 31). There-
fore, we selected this career stage as the focus of the present
study because it represents an opportunity to address issues that
manifest immediately and also resurface much later, potentially
contributing to the persistent faculty gender disparity (32, 33).

Current Study
In addition to determining whether faculty expressed a bias
against female students, we also sought to identify the processes
contributing to this bias. To do so, we investigated whether
faculty members’ perceptions of student competence would help
to explain why they would be less likely to hire a female (relative
to an identical male) student for a laboratory manager position.
Additionally, we examined the role of faculty members’ preex-
isting subtle bias against women. We reasoned that pervasive
cultural messages regarding women’s lack of competence in sci-
ence could lead faculty members to hold gender-biased attitudes
that might subtly affect their support for female (but not male)
science students. These generalized, subtly biased attitudes to-
ward women could impel faculty to judge equivalent students
differently as a function of their gender.
The present study sought to test for differences in faculty

perceptions and treatment of equally quali!ed men and women
pursuing careers in science and, if such a bias were discovered,
reveal its mechanisms and consequences within academic sci-
ence. We focused on hiring for a laboratory manager position as
the primary dependent variable of interest because it functions as
a professional launching pad for subsequent opportunities. As
secondary measures, which are related to hiring, we assessed: (i)
perceived student competence; (ii) salary offers, which re"ect
the extent to which a student is valued for these competitive
positions; and (iii) the extent to which the student was viewed as
deserving of faculty mentoring.
Our hypotheses were that: Science faculty’s perceptions and

treatment of students would reveal a gender bias favoring male
students in perceptions of competence and hireability, salary
conferral, and willingness to mentor (hypothesis A); Faculty gen-
der would not in"uence this gender bias (hypothesis B); Hiring

discrimination against the female student would be mediated (i.e.,
explained) by faculty perceptions that a female student is less
competent than an identical male student (hypothesis C); and
Participants’ preexisting subtle bias against women would mod-
erate (i.e., impact) results, such that subtle bias against women
would be negatively related to evaluations of the female student,
but unrelated to evaluations of the male student (hypothesis D).

Results
A broad, nationwide sample of biology, chemistry, and physics
professors (n = 127) evaluated the application materials of an
undergraduate science student who had ostensibly applied for
a science laboratory manager position. All participants received
the same materials, which were randomly assigned either the
name of a male (n = 63) or a female (n = 64) student; student
gender was thus the only variable that differed between con-
ditions. Using previously validated scales, participants rated the
student’s competence and hireability, as well as the amount of
salary and amount of mentoring they would offer the student.
Faculty participants believed that their feedback would be
shared with the student they had rated (see Materials and
Methods for details).

Student Gender Differences. The competence, hireability, salary con-
ferral, and mentoring scales were each submitted to a two (student
gender; male, female) ! two (faculty gender; male, female) be-
tween-subjects ANOVA. In each case, the effect of student gender
was signi!cant (all P < 0.01), whereas the effect of faculty partici-
pant gender and their interaction was not (all P > 0.19). Tests of
simple effects (all d > 0.60) indicated that faculty participants
viewed the female student as less competent [t(125) = 3.89, P <
0.001] and less hireable [t(125) = 4.22, P < 0.001] than the identical
male student (Fig. 1 and Table 1). Faculty participants also offered
less careermentoring to the female student than to themale student
[t(125) = 3.77, P < 0.001]. The mean starting salary offered the
female student, $26,507.94, was signi!cantly lower than that of
$30,238.10 to the male student [t(124) = 3.42, P < 0.01] (Fig. 2).
These results support hypothesis A.
In support of hypothesis B, faculty gender did not affect bias

(Table 1). Tests of simple effects (all d < 0.33) indicated that
female faculty participants did not rate the female student as
more competent [t(62) = 0.06, P = 0.95] or hireable [t(62) = 0.41,
P = 0.69] than did male faculty. Female faculty also did not
offer more mentoring [t(62) = 0.29, P = 0.77] or a higher salary
[t(61) = 1.14, P = 0.26] to the female student than did their male

Fig. 1. Competence, hireability, and mentoring by student gender condition
(collapsed across faculty gender). All student gender differences are signi"cant
(P < 0.001). Scales range from 1 to 7, with higher numbers re!ecting a greater
extent of each variable. Error bars represent SEs. nmale student condition = 63,
nfemale student condition = 64.
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Results: Gender Biases in the Sciences

colleagues. In addition, faculty participants’ scienti!c !eld, age,
and tenure status had no effect (all P > 0.53). Thus, the bias
appears pervasive among faculty and is not limited to a certain
demographic subgroup.

Mediation and Moderation Analyses. Thus far, we have considered
the results for competence, hireability, salary conferral, and
mentoring separately to demonstrate the converging results
across these individual measures. However, composite indices of
measures that converge on an underlying construct are more
statistically reliable, stable, and resistant to error than are each of
the individual items (e.g., refs. 34 and 35). Consistent with this
logic, the established approach to measuring the broad concept
of target competence typically used in this type of gender bias
research is to standardize and average the competence scale
items and the salary conferral variable to create one composite
competence index, and to use this stable convergent measure for
all analyses (e.g., refs. 36 and 37). Because this approach
obscures mean salary differences between targets, we chose to
present salary as a distinct dependent variable up to this point, to
enable a direct test of the potential discrepancy in salary offered
to the male and female student targets. However, to rigorously
examine the processes underscoring faculty gender bias, we
reverted to standard practices at this point by averaging the
standardized salary variable with the competence scale items to
create a robust composite competence variable (! = 0.86). This
composite competence variable was used in all subsequent me-
diation and moderation analyses.

Evidence emerged for hypothesis C, the predicted mediation
(i.e., causal path; see SI Materials and Methods: Additional
Analyses for more information on mediation and the results of
additional mediation analyses). The initially signi!cant impact of
student gender on hireability (" = !0.35, P < 0.001) was reduced
in magnitude and dropped to nonsigni!cance (" = !0.10, P =
0.13) after accounting for the impact of student composite
competence (which was a strong predictor, " = 0.69, P < 0.001),
Sobel’s Z = 3.94, P < 0.001 (Fig. 3). This pattern of results
provides evidence for full mediation, indicating that the female
student was less likely to be hired than the identical male be-
cause she was viewed as less competent overall.
We also conducted moderation analysis (i.e., testing for fac-

tors that could amplify or attenuate the demonstrated effect) to
determine the impact of faculty participants’ preexisting subtle
bias against women on faculty participants’ perceptions and
treatment of male and female science students (see SI Materials
and Methods: Additional Analyses for more information on and
the results of additional moderation analyses). For this purpose,
we administered the Modern Sexism Scale (38), a well-validated
instrument frequently used for this purpose (SI Materials and
Methods). Consistent with our intentions, this scale measures
unintentional negativity toward women, as contrasted with
a more blatant form of conscious hostility toward women.
Results of multiple regression analyses indicated that partic-

ipants’ preexisting subtle bias against women signi!cantly inter-
acted with student gender to predict perceptions of student
composite competence (" = !0.39, P < 0.01), hireability (" =
!0.31, P < 0.05), and mentoring (" = !0.55, P < 0.001). To in-
terpret these signi!cant interactions, we examined the simple
effects separately by student gender. Results revealed that the
more preexisting subtle bias participants exhibited against
women, the less composite competence (" = !0.36, P < 0.01)
and hireability (" = !0.39, P < 0.01) they perceived in the fe-
male student, and the less mentoring (" = !0.53, P < 0.001) they
were willing to offer her. In contrast, faculty participants’ levels
of preexisting subtle bias against women were unrelated to the
perceptions of the male student’s composite competence (" =
0.16, P = 0.22) and hireability (" = 0.07, P = 0.59), and the
amount of mentoring (" = 0.22, P = 0.09) they were willing to
offer him. [Although this effect is marginally signi!cant, its di-
rection suggests that faculty participants’ preexisting subtle bias
against women may actually have made them more inclined to
mentor the male student relative to the female student (al-
though this effect should be interpreted with caution because of
its marginal signi!cance).] Thus, it appears that faculty partic-
ipants’ preexisting subtle gender bias undermined support for
the female student but was unrelated to perceptions and treat-
ment of the male student. These !ndings support hypothesis D.

Table 1. Means for student competence, hireability, mentoring and salary conferral by student gender condition
and faculty gender

Male target student Female target student

Male faculty Female faculty Male faculty Female faculty

Variable Mean SD Mean SD Mean SD Mean SD d

Competence 4.01a (0.92) 4.1a (1.19) 3.33b (1.07) 3.32b (1.10) 0.71
Hireability 3.74a (1.24) 3.92a (1.27) 2.96b (1.13) 2.84b (0.84) 0.75
Mentoring 4.74a (1.11) 4.73a (1.31) 4.00b (1.21) 3.91b (0.91) 0.67
Salary 30,520.83a (5,764.86) 29,333.33a (4,952.15) 27,111,11b (6,948.58) 25,000.00b (7,965.56) 0.60

Scales for competence, hireability, and mentoring range from 1 to 7, with higher numbers re!ecting a greater extent of each
variable. The scale for salary conferral ranges from $15,000 to $50,000. Means with different subscripts within each row differ
signi"cantly (P < 0.05). Effect sizes (Cohen’s d) represent target student gender differences (no faculty gender differences were
signi"cant, all P > 0.14). Positive effect sizes favor male students. Conventional small, medium, and large effect sizes for d are 0.20,
0.50, and 0.80, respectively (51). nmale student condition = 63, nfemale student condition = 64. ***P < 0.001.

Fig. 2. Salary conferral by student gender condition (collapsed across faculty
gender). The student gender difference is signi"cant (P < 0.01). The scale
ranges from $15,000 to $50,000. Error bars represent SEs. nmale student condition=
63, nfemale student condition = 64.
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A Natural Experiment: “Hit or Miss”

The effect of assassinations on political institutions (Jones and Olken,
2009, American Economic Journal)
• What is the causal effect of assassinations of political leaders on

domestic institutions?
• Impossible to randomly assign assassination cases.
• Conditioning on assassinations, success is random

• This is a natural experiment:
▶ A randomized treatment is administered by nature, not by the

researcher
▶ Assassinating an autocratic leader leads to shifts towards a

democracy, while assassinating a democratic leader produces no
measurable change
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Internal and External Validity

Two types of validity
• A study is internally valid if it successfully identifies the desired

causal effect, through controlling all possible confounding and
interfering factors.

• A study is externally valid if the effect is likely to be observed
outside of a laboratory.
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Notations

• Yi(Ti)

Potential outcome for individual i, given treatment being Ti

Salary amount given under certain resume
• Ti Treatment version for individual i.

certain type of resume
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Causal Estimands
• Individual Causal Effect

Yi(1)︸ ︷︷ ︸
Outcome under treatment

− Yi(0)︸ ︷︷ ︸
Outcome under no treatment

Difference in salary between female resume and male
resume, for 1 person in the study

• Average Treatment Effect (ATE)
▶ Sample Average Treatment Effect (SATE):

1
N
∑N

i=1

(
Yi(1)− Yi(0)

)
Difference in salary between female resume and male
resume, on average for everyone involved in this study

▶ Population Average Treatment Effect(PATE): E(
(
Yi(1)− Yi(0)

)
Difference in salary between female resume and male
resume, for the universe of human beings
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Assumptions

1. SUTVA: Stable Unit Treatment Value Assumption

▶ Non-interference among units

Yi(Ti,Yi′(Ti′)) = Yi(Ti)∀i′ ̸= i

After you’ve read the resume, the amount of salary given by
you has nothing to do with other people’s salary given.

▶ Only a single version of each treatment level

Yi(Ti′) = Yi(Ti) if Ti′ = Ti

If you read two resumes that are the same, you will give out
same amount of salary.
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Assumptions

• Assumptions on assignment mechanism
▶ Individualistic assignment: Pr(Ti = 1|Xi,Xi′) = Pr(Ti = 1|Xi)

The resume you are given has nothing to do with other
people’s characteristics

▶ Probabilistic assignment: 0 < Pr(Ti = 1|Xi) < 1

It’s not deterministic that you will (or never will) read a
certain resume.

▶ Unconfounded assignment:
Pr(Ti = 1|Xi) = Pr(Ti = 1|Xi,Yi(0),Yi(1))

The resume version you read is not determined by salary you
would give
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Next lecture

• Read Chapter 2 of QSS and we will have fun with DID
• Bring your laptop
• Install R and R-studio
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