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Examining Engineering Students’ Gender and Racial Effects in College
Course Team Peer Assessment: A Quantitative Intersectional Approach

Abstract

Peer assessment is commonly employed in college courses embracing team-based learning, with
a growing focus on the design’s impact on student learning outcomes. Existing research
highlights the influence of factors like gender and race, yet a literature gap persists in
understanding how students’ gender and race impact their interactions within small groups and
further shape peer assessment in the context of college course teamwork. In this work-in-
progress, we employ a quantitative intersectional approach to examine gender and racial effects
on peer assessment among over 1,700 engineering college students at a large research-oriented
university located in the Midwest. Our analysis indicates a shift in the dominant role of male
students, with females playing a more prominent role, particularly among White and Asian
students. Gender-based disparities in peer assessment are associated with how White raters
evaluate Asian male teammates, highlighting potential biases and the marginalization of Asian
males. Furthermore, our findings highlight the underprivileged status of Minoritized groups in
engineering education, regardless of their gender. This study stresses the importance of
considering gender and race in peer assessment design for evaluating team-based learning
outcomes. Moreover, we advocate for the inclusion of group diversity effects in terms of gender
and race in future research examining team-based learning and related factors such as designed
interventions.

Introduction

Teamwork is a fundamental skill for college students, and team-based learning has been
incorporated into engineering courses to effectively improve student academic achievements [1]
- [3]. Peer assessment, a crucial method in evaluating students’ team performance, is utilized in
many team-based learning courses to provide valuable feedback on student learning and
teamwork contributions [4], [5].

Although previous studies have acknowledged that individual factors such as gender, race, and
motivation can influence student interactions and impact teamwork assessment, potentially
introducing inequities and biases in peer assessment [5] - [8], the exploration of these factors in
the context of engineering higher education is limited [4]. Algassab and colleagues conducted a
systematic review of 449 research papers on peer assessment design, revealing a mere 4.14
percent focus on engineering and related domains. Furthermore, within the reviewed papers, 28
studies investigated gender as a peer assessment moderator, and only four studies considered the
impact of race and culture [4]. In addition, students’ individual factors, such as gender and race,
are intertwined, with their intersectional effects becoming a focal point in research addressing
equity and social justice in higher education [9], but not yet in most peer assessment work.

In this project, we apply intersectionality as a critical theory and approach [10] to guide our
examination to identify marginalized engineering students in college course teams, recognize the
inequalities they potentially experience in teamwork and peer assessment, and improve their
learning experiences and well-being. Following Else-Quest and Hyde’s three essential elements
for intersectional research, our study simultaneously examines multiple social categories (e.g.,
gender and race), delves into power dynamics and inequality rooted in interconnected social



categories, and recognizes the fluidity of these categories and dynamics of power across contexts
and over time [10].

Engineering is often a White, male space, which leads to power imbalances and inequalities [11],
[12]. This issue is exacerbated for marginalized groups, especially when considering the
intersectionality of gender and race, such as female Native Americans [11], [12]. Additionally,
gender and race have been shown to be related to team dynamics and teamwork effectiveness
[13], [14], further justifying the adoption of an intersectional approach.

Despite the prevalent use of qualitative methods in studying intersectionality, Else-Quest and
Hyde advocate for the integration of quantitative methods (e.g., multilevel modeling) with
intersectional approaches in empirical research [15]. An intersectional approach can explore
additive effects (e.g., main effects), multiplicative effects (e.g., interaction effects), and
intersectional effects [10].

Thus, the present study aims to bridge the literature gap by exploring how engineering students’
gender and race, as well as their intersection, shape peer ratings in team-based learning courses,
responding to the call for the need for intersectional research to enhance social justice in higher
education. The investigation delves into the influence of raters’ and targets’ (i.e., those being

rated) gender and race in peer assessment, seeking answers to the following research questions:

RQ1: How do the gender and race of engineering college students correlate with ratings of
teammates in course teamwork?

RQ2: How do the gender and race of engineering college students correlate with the ratings
targets receive from teammates in course teamwork?

RQ3: How can we characterize the intersectional effects of race and gender in peer ratings
within engineering student teamwork?

Methods

Participants

We conducted this project at a large research-oriented university located in the Midwest. In total,
this study involves data from 1,722 engineering college students, within which 1,701 students
(i.e., Target) were rated by their teammates, and 1,601 students (i.e., Rater) rated their
teammates’ performance. These students formed 507 teams. The initial sample size was larger
than 1,722, but we did not include students with missing information on gender, race, or major.
Participant demographic information (Table 1) was obtained from the university’s learning
analytics dataset. While the institution identifies our construct of interest as “gender,” we note
that the data we obtained is “sex” and our data is separated into two categories which we are
using as a proxy for gender in this analysis. For our race indicator, we combined institutional
codes of Black, Hispanic, Native American, and Hawaiian students as a single minoritized group
as the frequency of these categories was low, following common quantitative practice. We
recognize that our data and analytical choices are non-ideal, and choices of convenience based
on institutional data available to us as well as historical patterns of inclusion and exclusion that
affect who is well-represented in our dataset.



Table 1. Participant demographic information

Rater Target
Gender Gender
Race Female Male Total (percent) Female Male Total (percent)
White 234 571 805 (50.3%) 240 618 858 (50.4%)
Asian 161 362 523 (32.7%) 166 380 546 (32.1%)
Minoritized 101 172 273 (17.1%) 107 190 297 (17.5%)
Total 496 1,105 513 1,188
(percent) (31.0%) (69.0%) 1,601 (30.2%) (69.8%) 1,701

Data Collection

Teamwork peer ratings were collected using Tandem, an online instructional tool aimed at
fostering equitable teamwork. This tool was designed to address teamwork challenges and
identify unfair behaviors within teams, especially those affecting marginalized student
populations [16]. Peer assessments comprised eight items on 9-point Likert scales (Table 2). Peer
ratings were given from a student to each of their team members at the midterm and at the end of
the term.

Table 2. Tandem peer rating items

Items Lower anchor Upper anchor
Peer Ideas I didn’t hear many ideas from $TeamMember offered up many ideas.
$TeamMember.

Peer Teacher

Peer Listener

Peer Enacted

$TeamMember did not explain what they
were doing on a task or actively share their
skills and knowledge.

$TeamMember discouraged, dismissed, or
didn’t listen to other teammates.

Our project didn’t include many ideas from
$TeamMember.

$TeamMember actively teaches others and shares
their skills and knowledge.

$TeamMember encouraged new perspectives by
listening to other teammates.

Many of $TeamMember’s ideas were used in our
project.

Peer Effort $TeamMember didn’t put in as much effort $TeamMember did more than their fair share of
as they should have. work for our assignments.

Peer Quality $TeamMember’s work often needed to be $TeamMember’s work for our team was
redone or wasn’t good enough. exceptional.

Peer Reliability $TeamMember was often late, was distracted ~ $TeamMember always showed up, responded to
while we were collaborating, or was messages, and was generally reliable.
generally unreliable.

Peer Valuable $TeamMember was still gaining the skills The skills $TeamMember brought to the team are

needed for our project. incredibly valuable.

Note: $TeamMember represents a team member's name in actual surveys.

Data Analysis

The data structure is nested and crossed as shown in Figure 1. Each student provides ratings for
each team member across the eight items. Therefore, the ratings (level-1) are nested within
students and items (level-2), with students and items being crossed, as each student responds to
each item. This crossing at level-2 is further nested within teams (level-3) in courses (level-4).

We employed a four-level linear model where responses are nested in the crossing of students
and items, which in turn are nested in teams within courses, using Stata/SE 18.0. Multilevel
modeling can separately estimate the peer ratings variance existing in these levels (e.g.,
difference between students, teams, and courses) [17]. Peer ratings (Peer rating items stacked in
Table 3) serves as the dependent variable, and the main factors include raters’ and targets’
gender and race.
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Figure 1. Data structure

Table 3. Descriptive statistics

Standard
Variables n Mean Deviation Variance Skewness Kurtosis
Peer rating items
Peer Ideas 10,063 7.34 1.65 2.72 -1.43 5.17
Peer Teacher 10,063 7.22 1.60 2.56 -1.18 4.62
Peer Listener 10,063 7.46 1.61 2.60 -1.40 5.04
Peer Enacted 10,063 7.22 1.65 2.72 -1.31 4.84
Peer Effort 10,063 7.11 1.70 2.91 -1.13 4.32
Peer Quality 10,063 7.55 1.50 2.25 -1.57 6.19
Peer Reliability 10,058 7.65 1.71 2.93 -1.72 5.93
Peer Valuable 10,062 7.57 1.47 2.16 -1.40 5.44
Peer rating items stacked 80,498 7.39 1.62 2.64 -1.38 5.11

Results and Discussion

The results of the multilevel model (e.g., fixed-effect and random-effect parameter estimates) are
detailed in Appendix 1-1. In these descriptions, the reference level is set as female for gender and
White for race. For instance, the reference group is female White raters rating female White
targets for the 4-way interaction. The following subsections are arranged to answer the three
research questions.

RQI1: How do the gender and race of engineering college students influence their ratings of
teammates in course teamwork?

The top section of rater effects in Table 4 shows that there was no statistically significant
association between the gender of raters and their evaluations of teammates. Despite a slight
average difference of 0.03 higher ratings given by female raters compared to male raters, it was
not statistically significant (p = 0.54).

In contrast, the analysis of marginal means highlights a statistically significant association
between the racial identity of raters and the peer ratings they assigned. On average, White
students assigned lower peer ratings by 0.16 (p < 0.001) and 0.22 (p < 0.001) compared to raters
from Asian and Minoritized groups, respectively. Taken together, the findings suggest that, on



average, students’ race played a role in influencing their reported assessment of teammates,
whereas their gender did not.

Table 4. Estimates for peer rating means and marginal effects

95% confidence

interval

Independent Std. Marginal Std.
variables Mean err. effects* err. 4 p Lower Upper
Rater Gender

Female 7.43 0.06

Male 7.40 0.05 -0.03 0.05 -0.69 0.49 -0.13 0.06
Rater Race

White 7.32 0.05

Asian 7.47 0.06 0.14 0.05 2.74 0.01 0.04 0.25

Minoritized 7.56 0.07 0.24 0.07 3.65 <0.01 0.11 0.37
Target Gender

Female 7.55 0.05

Male 7.35 0.05 -0.20 0.04 -5.63 <0.01 -0.27 -0.13
Target Race

White 7.50 0.05

Asian 7.34 0.05 -0.16 0.04 -4.38 <0.01 -0.23 -0.09

Minoritized 7.28 0.06 -0.21 0.04 -4.75 <0.01 -0.30 -0.12

Note: *Reference level for gender and race: Female for Gender and White for Race.

In terms of the interaction between rater gender and rater race, although the fixed-effect
coefficients (see Appendix 1-1) and the estimates of test commands (see Appendix 1-2) suggest
statistically nonsignificant interactions, the marginal effects indicate variations in peer rating
means among race and gender intersectional subgroups (see Figure 2 and Appendix 2-1).
Specifically, for male raters, there were noticeable differences in how they rated their teammates
across racial groups. On average, White male students assigned lower peer ratings by 0.17 (p <
0.01) and 0.26 (p < 0.001) compared to male raters from Asian and Minoritized groups,
respectively. However, this pattern did not extend to female raters.

RQ2: How do the gender and race of engineering college students influence the ratings
targets receive from teammates in course teamwork?

The lower section of Table 4 shows that predicted peer rating means are significantly associated
with both the gender and race of targets. Female students received higher average peer ratings by
0.22 (p <0.001) compared to male targets. Additionally, in comparison to their White
teammates, students from Asian and Minoritized groups received lower ratings by an average of
0.15 (p=0.01) and 0.23 (p < 0.001), respectively. Accordingly, the results indicate that, on
average, female and White students received higher peer ratings from their teammates in the
context of engineering student teamwork.

Similar to the findings for rater characteristics, although the fixed-effect coefficients and the
estimates of test commands indicate statistically nonsignificant interactions between target
gender and race, differences emerged when considering how targets were rated by their
teammates across gender and racial groups (see Figure 3 and Appendix 2-2). Specifically, White
and Asian female students received higher average peer ratings by 0.22 (p <0.001) and 0.30 (p =
0.001) compared to their male counterparts, respectively. In contrast to White male targets, male
students from the other two racial groups were assigned with lower average peer ratings by 0.18
(» <0.05) and 0.20 (p < 0.05), respectively. In addition, female students from the Minoritized



group were rated lower by an average 0.31 (p <0.01), compared to their White female targets.
While female students generally received higher peer ratings than their male teammates, this
trend did not extend to female students from the Minoritized group, whose peer rating means
were similar to their male counterparts.
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Figure 2. Mean peer rating assigned by rater gender and race

Note: Error bars represent 95% confidence intervals. Among male raters, White students (indicated by the
right-hand blue point) assigned lower average ratings to their teammates compared to Asian raters
(represented by the right-hand red point, p<0.01) and students from the Minoritized group (denoted by the
right-hand green point, p<0.001).
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Figure 3. Mean peer rating assigned by target gender and race

Note: Error bars represent 95% confidence intervals. An asterisk (*) denotes a statistically significant difference in
average peer ratings between female and male racial groups. Students from the Minoritized groups (represented by
the green line) received lower average peer ratings compared to White students (indicated by the blue line), with
statistical significance (p < 0.01). This trend was also observed when comparing male Asian targets (the right-hand
red point) to male White targets (the right-hand blue point).
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Note: White male students assigned their Asian
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average ratings compared to White male targets
(the right-hand blue point, p<0.05).
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Note: Asian male students assigned their female
teammates from Minoritized group (the left-hand
green point) lower average ratings compared to
White female targets (the left-hand blue point,

8.4+

Target Race

—— White
—e— Asian
—e— Minoritized

Predicted peer rating means

6.8

T
Female Male
Target Gender

4.5. Mean peer rating assigned by female raters from Minoritized
group

Note: Female students from Minoritized group assigned their
Asian female teammates (the left-hand red point) lower average
ratings compared to White female targets (the left-hand blue
point, p<0.05).
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4.6. Mean peer rating assigned by male raters from Minoritized
group

Note: Male students from Minoritized group assigned their male
teammates from Minoritized group (the right-hand green point)
lower average ratings compared to White male targets (the
right-hand blue point, p<0.05).

Figure 4. Mean peer rating assigned by gender and race subgroups of raters as a function of target gender and target race
Note: Error bars represent 95% confidence intervals. An asterisk (*) denotes a statistically significant difference in average peer ratings between female and

male racial groups.
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students assigned their male Asian teammates (the
right-hand blue point) lower average ratings
compared to male raters from other racial groups
(the right-hand red and green point, p<0.01).
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Figure 5. Mean peer rating assigned by gender and race subgroups of targets as a function of rater gender and rater race
Note: Error bars represent 95% confidence intervals.



RQ3: How can we characterize the intersectional effects of race and gender in peer ratings
within engineering student teamwork?

We examined average peer ratings as a function of gender and race for each gender and race
interactional subgroup of racers (Figure 4) and targets (Figure 5). Cell means for the interactions
among raters’ and targets’ gender and race illustrate the intersectional effects of race and gender
(see Appendix 3-1 and 3-2 for the complete information for the estimates).

The presence of predominantly significant p values, particularly evident in items related to White
raters, suggests that the intersectional effects of gender and race primarily manifest within the
group of White raters (see Figure 4.1 and 4.2). This may imply that White students assessed their
peers differently based on the targets’ race and gender, though it also reflects a larger sample for
those cells. Our analysis revealed that the gender-based differences in peer ratings are
predominantly associated with White raters. Notably, the most substantial disparities in predicted
peer rating means between female and male targets were observed when White students
evaluated their Asian teammates, suggesting that Asian male students underperformed or
contributed less than Asian female students in course small group activities from the perspectives
of their White male teammates. However, White students did not rate female and male
teammates from the Minoritized group differently. In addition, both White and Asian male
students rated their White male teammates lower than their White female teammates (see Figure
4.2 and 4.4), whereas students from the Minoritized group did not assign different scores to their
teammates based on their gender (see Figure 4.5 and 4.6).

Upon further examination of the gender-based differences across racial groups, we observed that
students from Asian and Minoritized groups were assessed lower compared to their White
teammates. Both female and male White students assigned their Asian male teammates lower
than their White male teammates (see Figure 4.1 and 4.2), while female students from the
Minoritized group rated their Asian female teammates lower than their White female teammates
(see Figure 4.5), on average. Moreover, female students from the Minoritized group were
perceived to underperform their White female teammates in course teamwork by Asian male
raters (see Figure 4.4), whereas Minoritized male raters perceived male students from the
Minoritized group as underperforming compared to their White male teammates in course
teamwork (see Figure 4.6), on average.

Figures 5.1 - 5.6 illustrate the impact of rater gender and race on peer rating means for each
intersectional subgroup of targets. Predominantly significant p values present in peer rating
means of White male targets (Figure 5.2) and Asian male targets (Figure 5.4). On average, male
raters from the Minoritized group rated White male targets 0.32 (p < 0.001) higher compared to
White male raters (Figure 5.2), whereas White male students assigned lower peer ratings to
Asian male targets compared to Asian (mean = 0.36, p = 0.001) and Minoritized (mean = 0.38, p
< 0.01) male raters, respectively (Figure 5.4). The findings may suggest that students from the
Minoritized group valued the contributions of their White male teammates more than other racial
groups did, while White students underestimated the performance of their Asian male
teammates. Furthermore, within each female target subgroup (Figure 5.1, 5.3, and 5.5), although
the Asian and Minoritized female targets rated each other slightly lower, there were no
statistically significant differences in peer rating means assigned by raters based on their gender
and race.



It is interesting that Asian female students did not differentiate in their peer ratings of their
teammates based on targets’ gender and race (Figure 4.3). In addition, their peer rating means
assigned by teammates did not vary by raters’ gender and race (Figure 5.3).

Conclusion

We applied a quantitative intersectional approach to examine the effects of engineering student
gender and race in peer assessment in college course teamwork, given the specific items listed in
Table 2. Our analysis indicates rater and target intersectional effects of gender and race (RQ1
and 2). For instance, White male students assigned lower peer ratings compared to raters from
Asian and Minoritized groups. Also, White and Asian female students received higher average
peer ratings than their male counterparts, and male students from other racial groups received
lower average peer ratings compared to White male targets. In contrast, peer rating means of
targets from the Minoritized group did not show gender-based differences. These findings may
indicate a shift in the dominant role of male students in engineering, with female students taking
a more prominent role in contributing to teamwork in the context of university course team-
based learning, particularly among White and Asian students. This is consistent with some other
work that finds similar associations, e.g., [7], suggesting that female students outperformance
compared with male students may be partially attributable to their higher academic performance
(e.g. course or cumulative GPA) and non-cognitive skills (e.g. communication and organization)
[18], [19].

In addressing the characterization of intersectional effects of raters’ and targets’ race and gender
in peer ratings (RQ3), our results further reveal significant simple interactions mainly among
White raters, targets’ gender, and targets’ race. Specifically, gender-based differences in peer
ratings in this study were predominantly associated with how White raters assessed their Asian
male teammates, indicating the potential identity-based bias in college course team peer
assessment and the potential marginalization of Asian male students in course teamwork
activities. Furthermore, our results echo existing literature, highlighting the underprivileged
status of the Minoritized group in engineering education, irrespective of their gender [12] - [14].

We do not find it surprising that different studies do and do not find group mean differences in
peer assessment, given different contexts and different items. Our teamwork tool includes ratings
of task-specific contributions to projects, as well, but because those differ across courses, it was
impossible to investigate those in this large analysis. We would be unsurprised to find group
mean differences across those items, though we note that the differences by subgroup as well as
the directions of bias may show up differently.

Overall, this study contributes valuable insights into the complex dynamics of peer assessments
in engineering college course teamwork, shedding light on the associations between peer ratings
and a rater’s and target’s gender and race. Our findings stress the importance of considering
gender and race in peer assessment design for evaluating team-based learning outcomes. Group
mean differences are concerning for faculty who use peer assessments as part of a students’
course assessment. Moreover, we advocate for the inclusion of group diversity effects in terms of
gender and race in future research examining team-based learning and related factors such as
designed interventions.
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Appendix 1-1. The Results of the Multilevel Linear Model

Mixed-effects regression

Grouping information

MNumber of obs =

No. of Observations per group
Group wvarlable groups M inImum Average Mz ximum
Cohort_id 42 32 1,916.6 7,688
team 1d La7 a8 158.8 288
Rater_stud~d 1,758 =] 45.8 168
Rateeewvalu~d 5,299 a 15.2 3z

Log pseudolikelihood = -138214.88

Wald chiz(35) =
Prob » chiz =

586,498

11878, 24
&.Ba6a

{5td. err. adjusted for 42 clusters in Cohort_id)

Robust
Peer_rating_wvalues | Coefficient std. err. z Pz [85% conf. lnterwal]
Rater_Gender CD
Male -.1847374 1276119 -1.45 5,148 4348521 LBE53773
Rater_Race_CD
Asian -.6240204 1818888 -8.14  5.891 .3708560 3200081
CTthers -.8206426 L130445 -8.15 G.882 .203085C6 L2E26784
Rater_Gender CD#Rater_Race_CD
Male#fcian L101838 . 20B88673 8.96 G.339 .2817372 .5854131
Male#Others L25080909 1097887 1.38 8,195 .1324787 .GEBETEL
Ratee_Gender CD
Male -.20915193 1401957 -1.95 8.851 5830375 . BBE8080
Rater Gender_ C[#Ratee_Gender CD
Male#Male JBE5E334 L 1875735 8.29 ©.769 .3126839 A22ETET
Rater_Race_C[#Ratee_Gender CD
Asian#Male L1266752 1674132 8.76 ©.449 2814487 AL47091
Cthers#tale J2266137 1623882 1.48 8.163 .B916613 5448888
Rater Gender CL#Rater Race CC¥Ratee Gender CD
Maletthsian#tale -.1438143 (2325111 -8.62  B.536 5005277 3118091
Male#Others#Male -.1474E552 . 2868687 -8.72 G.474 5513425 L2564321
Ratee_Race_CD
Asian -.138285632 .15 1786 -8.86 §.301 A277R1E L1672888
Cthers -.3588238 2205897 -1.61 8,187 756917 JBF74430
Rater_Gender CC#Ratee Race CD
Male#dszian Be17848 1635224 8.58 ©.617 2387932 A 822828
Male#Cthers LAFEFIFI (1099776 6.88 ©.388 .2162115 5676861
Rater_Race_CDMRatee Race_CD
Asian#dsian .1628234 3450684 8.47 ©.648 5166465 84688033
Aslan#Cthers - .BE2GEGG .3E381E0 -8.17 G.862 .6465254 5413025
Cthers#8sian -.18909876 1723793 -1.18  8.27@ 5278448 . 1478695
Others#0thers .B189568 3179275 g.86 g.952 6811696 6428332
Rater_Gender CD¥Rater_ Race_CD#Ratee_Race_CD
Male#f=ian#dsian -.2387316  .3TF15269 -8.62  B.535 .0588003 .A87436
Male#tdslan#Cthers - 228261 .JE82644 -8.62 §.E535 -.0CEa45 A03E241
Male#Cthers#isian -.8882861 .2178476 -3.88 5,999 A271798 A 267674
Male#Others#Others -.B730502 2077703 -8.35  B.884 .B5FETEZ 5806598



Ratee Gender_ CDHRatee_Race CD

Male#hs1an -. 2574889 L2E27474 -1.27 0 e.2ed L6hABGGES .1398888
Male#Cthers - @7931ad 2945988 -8.27  B8.788 LBR7381d LA9863E5
Rater_Gender_CDHRatee_Gender CDHRatee_Race_CD
Maledaletbsian L1E25257 V2475818 8.41  ©.679 L3825638 LGEYE2E3
Male#MalefTthers . 1980287 2643962 8.75 ©.454 L32a1783 LFLG2357
Rater_Race_CDHRatee_Gender_ CDHRatee_Race CD
Asiar®MaleRfsian LBR97346 L 3R8E736 8,17  B9.368 6428768 .761546
Azian#MalefCthers L2587587 . 3667476 8.71  ©.48a LAEEEE 24 LIFIRTEY
Others#tlalef#fs1an .3022378 2848412 183 8,385 L275ed63 .88a1158
Cthers#MaledCthers - @EFeyed 3224872 -B.82 0 B.982 -. 633986 LB248271
Rater_Gender_CDHRater Race_ UDHRatee_Gender CD#
Rates Race CD
Male#hs Lar#iale®tbsian L21la12a2 4228333 8,50  ©.619 .6186179 1.838858
WMale#f=ziard#iale®Cthers -.B565626 .3734591 -8.15 8881 7883287 .BB52636
WMaledOthers#ilaled#h=1 an - @637 L3731282 -8.13 2.9%ea 7782584 .684351
Male#Cthers#Male®Cthers - 1671774 (3384256 -8.49 8.621 LB3ed794 LA961246
_cons 7.743056 LL167122 66.34 G, o0a 7.5143e4d 7.9718a7
Robust
Random-effects parameters Estimate std. err. [95% conf. interwal]
Cohort_id: Independent
var(Ll.Intervention_ID) 2.20e-93 2.77e-97 4,52e-19 1a73. ede
var(_cons) LEBATRE3T LEeE3151 L BE3ETEE L5B845754
team_id: Identity
var{_cons) L3R53752 Leeh 1137 La12e272 13, 8@155
Rater_stud~d: Unstructured
var (2. Time_1d) L576R921 L@338343 L5 142475 LA 16T9
var(_cons) .B598425 L21l1e8s L3524674 1.235269
cow(2.Time_id, cons) -.284126 L@3496943 - 3803492 - 1879929
Rateeevalu~d: Identity
var (R.peer_rating_index) .8959557 .B641917 7785765 1.831631
var (Residual) LF181952 L@338081 .6h4BE974 LFB7e 189
estat ic
Bkaike's information criterion and Bayesian information criterion
Model N 11¢(null} 11{model) df AIC BIC
8@,495 -136214.9 44 2eE517.8 0 268926.3

Mote: BIC uses M = number of obserwations. See [R] IC note.



Appendix 1-2. Estimates of the Interactions between Predictors
. testparm i.Rater_Gender_CD#i.Rater_Race_CD#i.Ratee_Gender_CDi#i.Ratee_Race_CD

( 1) [Peer_rating_values]2.Rater_Gender_CD#2.Rater_Race_CD#2.Ratee_Gender_CD#2.Ratee_Race_CD
( 2) [Peer_rating_values]2.Rater_Gender_CD#2.Rater_Race_CD#2.Ratee_Gender_CD#3.Ratee_Race_CD
( 3) [Peer_rating_values]2.Rater_Gender_CD#3.Rater_Race_CD#2.Ratee_Gender_CD#2.Ratee_Race_CD
( 4) [Peer_rating_values]2.Rater_Gender_CD#3.Rater_Race_CD#2.Ratee_Gender_CD#3.Ratee_Race_CD

chi2( 4) 0.61
Prob > chi2 = 9.9621

. testparm i.Rater_Gender_CD#i.Rater_Race_CD

( 1) [Peer_rating_values]2.Rater_Gender_CD#2.Rater_Race_CD = @
( 2) [Peer_rating_values]2.Rater_Gender_CD#3.Rater_Race_CD = @
chi2( 2) = 1.92
Prob > chi2 = 9.3823
. testparm i.Ratee_Gender_ CD#i.Ratee_Race_ CD
( 1) [Peer_rating_values]2.Ratee_Gender_CD#2.Ratee_Race_CD = @
( 2) [Peer_rating_values]2.Ratee_Gender_CD#3.Ratee_Race_CD = @
chi2( 2) = 1.62
Prob > chi2 = 9.4444
. testparm i.Rater_Race_CD#i.Ratee_Gender_CD
( 1) [Peer_rating_values]2.Rater_Race_CD#2.Ratee_Gender_CD = @
( 2) [Peer_rating_values]3.Rater_Race_CD#2.Ratee_Gender_CD = @
chi2( 2) = 1.95
Prob > chi2 = 0.3776

. testparm i.Rater_Gender_CD#i.Ratee_Gender_CD

(1) [Peer_rating_values]2.Rater_Gender_CD#2.Ratee_Gender_CD = @
chi2( 1) =  ©.89
Prob > chi2 = 0.7692

. testparm i.Rater_Gender_CD#i.Rater_Race_CD#i.Ratee_Gender_CD

( 1) [Peer_rating_values]2.Rater_Gender_CD#2.Rater_Race_CD#2.Ratee_Gender_(D = @
( 2) [Peer_rating_values]2.Rater_Gender_CD#3.Rater_Race_CD#2.Ratee_Gender_CD = @
chi2( 2) = 0.58
Prob > chi2 = 9.7499

. testparm i.Rater_Race_CD#i.Ratee_Gender CD#i.Ratee_Race_CD

) [Peer_rating_values]2.Rater_Race_CD#2.Ratee_Gender_CD#2.Ratee_Race_CD
2) [Peer_rating_values]2.Rater_Race_CD#2.Ratee_Gender_CD#3.Ratee_Race_CD
3) [Peer_rating_values]3.Rater_Race_CD#2.Ratee_Gender_CD#2.Ratee_Race_CD
4) [Peer_rating_values]3.Rater_Race_CD#2.Ratee_Gender_CD#3.Ratee_Race_CD

oo

chi2( 4) = 1.85
Prob > chi2 = 9.7633

. testparm i.Ratee_Gender_CD#i,Ratee_Race_CD

( 1) [Peer_rating_values]2.Ratee_Gender_CD#2.Ratee_Race_CD = @
{ 2) [Peer_rating_values]2.Ratee_Gender_CD#3.Ratee_Race_CD = @
chi2( 2) = 1.62
Prob > chi2 = ©8.4444

o000 ®



Appendix 2-1. Marginal means and effects for Rater’s gender and race

. margins

Predictive margins
Model VCE: Robust

i.Rater_Gender_CD#i.Rater_Race_CD

Number of obs = 80,498

Expression: Linear prediction, fixed portion, predict()

Delta-method
Margin  std. err. z P>|z| [95% conf. interval]
Rater_Gender_CD#Rater_Race_(CD
Female#White 7.36796 .0731781 100.69 0.000 7.224534 7.511387
Female#Asian 7.517398 .0844908 88.97 0.000 7.351799 7.682997
Female#Others 7.514376 .0836622 89.82 0.000 7.350482 7.678351
Male#White 7.323471  .0522992 148.03 ©.000 7.220966  7.425975
Male#Asian 7.491536 .0639165 117.21 0.000 7.366262 7.61681
Male#Others 7.584724 .0778278 97.46 0.000 7.432185 7.737264
margins i.Rater_Gender_CD, dydx(i.Rater_Race_CD)
Average marginal effects Number of obs = 80,498
Model VCE: Robust
Expression: Linear prediction, fixed portion, predict()
dy/dx wrt: 2.Rater_Race_CD 3.Rater_Race_CD
Delta-method
dy/dx  std. err. z P>|z| [95% conf. interval]
1.Rater_Race_CD (base outcome)
2.Rater_Race_CD
Rater_Gender_CD
Female .1494383 .9759275 1.97 0.049 .0e06231 .2982535
Male .168065 .@56517 2.97 2.903 .@572936 . 2788363
3.Rater_Race_CD
Rater_Gender_CD
Female .1464164 .@968879 1.51 2.131 -.0434804 .3363131
Male .2612538 .0658307 3.97 0.000 .132228 .3902795

Note: dy/dx for factor levels is the discrete change from the base level.

. margins i.Rater_ Race_CD, dydx(i.Rater_Gender_CD)

Average marginal effects
Model VCE: Robust

Number of obs = 80,498

Expression: Linear prediction, fixed portion, predict()

dy/dx wrt: 2.Rater_Gender_CD
Delta-method
dy/dx  std. err. z P>|z]| [95% conf. interval]
1.Rater_Gender_CD (base outcome)
2.Rater_Gender_CD
Rater_Race_CD
White -.0444894 .0521265 -9.85 ©.393 -.1466555 .0576768
Asian -.0258627 .0873654 -9.30 0.767 -.1970958 .1453704
Others .070348 .0870792 e.81 ©.419 -.1083242 .2410202

Note: dy/dx for factor levels is the discrete

change from the base level.



Appendix 2-2. Marginal means and effects for Target’s gender and race

margins 1i.Ratee_Gender_CD#i.Ratee_Race_CD

Predictive margins
Model VCE: Robust

Number of obs = 80,498

Expression: Linear prediction, fixed portion, predict()

Delta-method

Margin  std. err. z P>|z| [95% conf. interval]
Ratee_Gender_CD#Ratee_Race_(CD
Female#White 7.676818 .0603126 127.28 2.000 7.558607 7.795028
Female#Asian 7.571222 .0807453 93.77 ©.000 7.412964 7.72948
Female#Others 7.362748 .1181657 62.34 ©.000 7.131265 7.594231
Male#ihite 7.454643 .0652395 114.27 ©.000 7.326776 7.58251
Male#Asian 7.275169 .0682879 106.54 9.000 7.141327 7.409011
Male#Others 7.2508598 .0831969 87.15 0.000 7.887535 7.413661

. margins i.Ratee_Race_CD, dydx(i.Ratee_Gender_CD)

Average marginal effects
Model VCE: Robust

Expression: Linear prediction, fixed portion, predict()

dy/dx wrt: 2.Ratee_Gender_CD

Number of obs = 86,498

Delta-method

dy/dx  std. err. z P>|z]| [95% conf. interval]
1.Ratee_Gender_CD (base outcome)
2.Ratee_Gender_CD
Ratee_Race_CD
White | -.2221749 .8537443 -4.13 0.000 -.3275117 -.1168381
Asian | -.296@534 .0927471 -3.19 0.001 -.4778343 -.1142724
Others | -.1121498 .1399576 -0.80 0.423 -.3864616 .162162
Note: dy/dx for factor levels is the discrete change from the base level.
. margins 1i.Ratee_Gender_CD, dydx{i.Ratee_Race_CD)
Average marginal effects Number of obs = 80,498

Model VCE: Robust

Expression: Linear prediction, fixed portion, predict()

dy/dx wrt: 2.Ratee_Race_CD 3.Ratee_Race_CD

Delta-method
dy/dx std. err. z Py |z| [95% conf. interval]
1.Ratee_Race_CD (base outcome)
2.Ratee_Race_CD
Ratee_Gender_CD
Female -.1855956 0737477 -1.43 0.152 -.2501384 .9389472
Male -.1794741 .eg8l1208 -2.21 0.027 -.3386388 -.0203093
3.Ratee_Race_CD
Ratee_Gender_CD
Female -.31406%96 .1115869 -2.81 0.005 -.5327758 -.0953634
Male -.2040445 .0811499 -2.51 0.012 -.3630954 -.0449936

Note: dy/dx for factor levels is the discrete change from the base level.



Appendix 3-1. Marginal effects

margins i.Ratee Race (D, dydx(i.Ratee Gender (D) at (Rater Gender CD=(1 2) Rater Race_(D=(1 2 3))

Conditional marginal effects Number of obs = 8,498
Model WCE: Robust

Expression: Linear prediction, fixed portion, predict()
dy/dx wrt: 2_Rates Gender CD
1._at: Rater Gender CD = 1

Rater Race_CD =1
2._at: Rater Gender CD = 1
Rater_Race (D = 2 Race: 1=White, 2=Asian, 3=the Minoritized
3._at: Rater Gender CD = 1 group
4. at: ;::2::22;2;??{3 _ 3 Gender: 1=Female and 2=Male
Rater Race_CD =1
5._at: Rater_Gender CD = 2
Rater Race_CD =2
6._at: Rater_Gender CD = 2
Rater Race_CD =3
Delta-method
dyfdx  std. err. z P>z [95% conf. interval]
1.Ratee_Gender_CD (base outcome)
2.Ratee_Gender_CD
_at#Ratee_Race _CD
184hite -.25915193 .1491557 -1.95 @.a51 -.5839375 . BRE39E9
1#Asian -.54%90851 1287358 -4.55 a.gaa -.735645% -.3123784
1#0thears -.3708297 2797173 -1.33 @.185 -.919@555 1774661
284hite -.1648441 . 1849392 -1.57 @.1156 -.3785212 .B4E3331
2#A=1an -.3625983 .29a7e51 -1.25 @.212 -.9323599 . 2871732
280thears .@146842 .2258272 .86 @.9438 -.426441 .4556453
Fhite -.85649855 1e3el77 -@.63 @.529 -.2668166 . 1378855
IRAzian -.8281565 .2177329 -@.89 8,926 -.44569853 LA@s592
3#HOthers -.1512954 L 2edddal -g.74 @.459 -.5528639 .249413
Afhite -.2364858 1813398 -2.33 a.a2a -.4351883 -.@373634
ARbsian -.391449 .1591864 -2.46 a.ala -.7834486 -.87%4493
AROthers -. 1177675 . 2698865 -8.56 @.575 -.5291375 .2936624
S#hite -.2535624%9 .@348557 -3.82 a.ae3 -.4184494 -.B388065
S#Azian -.1387333 883301 -1.67 @895 -.3026882 . 8245336
S#Othars .B6728%4 1739269 @.38 @.7e7 -.2833891 4179679
GHAhite -.1573273 . 1@d1755 -1.51 @.131 -.35615875 846853
&RAzian -.B569913 .138349 -@.41 @658 -.32815a3 . 2141676
&R0thars -.212865% 1734677 -1.23 @.22a -.5528564 1271246

Mote: dyfdx for factor lewels iz the discrete change from the base level.



. margins i.Ratee_Gender_CD, dydx(i.Ratee Race CD) at (Rater_Gender CD={1 2) Rater_Race CD={1 2 3))

Conditional marginal effects Number of cobs = 38,498
WModel WCE: Robust

Expression: Linear prediction, fixed portieon, predict()
dy/dx wrt:  2.Ratee_Race CD 3.Ratee_Race CD
1. at: Rater_Gender CD = 1

Rater_Race CD =1
2._at: Rater_Gender_CD = 1
Rater_Race CD = 2
3._at: Rater_Gender_CD = 1
Rater_Race CD =3
4. _at: Rater_Gender_CD = 2
Rater_Race CO =1
5._at: Rater_Gender_CD = 2
Rater_Race_CD = 2
6._at: Rater_Gender_CD = 2
Rater_Race CD =3
Delta-method
dy/dx  std. err. z P>z| [95% conf. interwal]
1.Ratee_Race_CD {baze outcome)
2.Ratee_Race_CD
_at#Ratee_Gender CD
1#Female -. 1362863 .151786 -@.86 @.391 -.4277815 L 1672688
1#Male - . 3877752 L1oed4141 -2.ed @.a42 - 76698 - 8145765
2#Female LE317371 0 2826269 @.11  @.911 -.5222815 .5856757
2HMale -. 16668172 L1526624 -1.e9 @277 - 4651125 .133a73
3HFemale -.326274 1478748 -2.17 2,838 -.61E1e32 - 0304447
3IHMale - 2755251 2548606 188 @.280 - 7740428 L22358926
A#Female - @85816 . 1142253 -8.43  @.671 -, 2724591 L 175296
AHMale -. 2635447 . 1916285 -2.86 @.e45 - 4927328 - 043566
S#Female -. 1172898 LB346315 -1.3%  @.166 -, 2831644 L@185848
SHMale - BE23982 LB817753 -@.83 &.979 -, 1822745 L1774782
G#Female -.2387753 L1192664 -2.98 9.5 - 4725215 -, @E56292
GHMale -.1284394 1386436 -l.ea 8,318 -, 4161759 L 133297
3.Ratee_Race CD
_atHRatee_Gender CD
1#Female -.3588239 L 2225897 -l.e1  @.187 -, 79560917 LA77A439
1#Male -.4381344 L 26628 -1.68 9.892 -. 9482738 LE720051
2#Female - 4113984 23685652 -1.78  @.a87d -.8631881 LBdE3954
2H#Male -.2319422 1486341 -1.65 ©.8%9 -.58758 LBA36956
3#Female -.3398671  .1992335 -1.71  &.888 -. 7363576 .Bhe6E234
3HMale -. 426257 .2345526 -1.82  &.869 -.8859716 .B334576
d#Female -. 1838866 L1228738 -1.49  &.136 -.4239148 LBR77416
A#Male - . BB43653 L 1266759 -8.51  @.611 -.3126486 .183912
S#Female -.463914 1891225 -2.45  @.ald -.8345873 - 99324838
S#Male -. 1429997 LB995654 -1.44 @.151 -.3381442 .B521448
G#Female -.2386e89 L12e7aes -1.97  &.a49 -.4748152 - 0813627
G#Male -.2936276 . 1285438 -2.28  @.@822 -.5455688 - .8416863

Note: dyfdx for factor levels 1s the discrete change from the base lewel.



Appendix 3-2. Marginal effects
. margins i.Rater_Race_CD, dydx(i.Rater_Gender_CD ) at (Ratee_Gender_CD=(1 2) Ratee_Race_CD=(1 2 3))

Conditional marginal effects Number of obs = 80,498
Model VCE: Robust

Expression: Linear prediction, fixed portion, predict()
dy/dx wrt: 2.Rater_Gender_(CD
1._at: Ratee_Gender_CD = 1

Ratee_Race_CD =1
2._at: Ratee_Gender_(D = 1
Ratee_Race_CD = 2
3._at: Ratee_Gender_CD = 1
Ratee_Race (D = 3
4._at: Ratee_Gender_(CD = 2
Ratee_Race (D =1
5._at: Ratee_Gender_(D = 2
Ratee_Race_ CD = 2
6._at: Ratee_Gender_(D = 2
Ratee_Race_CD = 3
Delta-method
dy/dx  std. err. z P>|z| [95% conf. interval]
1.Rater_Gender_CD (base outcome)
2.Rater_Gender_CD
_at#Rater_Race_CD
1#White -.1847374 .1276119 -1.45 9.148 -.4348521 .0653773
1#Asian .0071006 .1337487 0.0e5 0.958 -.2550421 .2692433
1i#0thers .8743625  .1279017 9.58 0.561 -.1763203 .3250454
2#hite -.1030326  .1171909 -6.88 @.379 -.3327225 .1266573
2#Asian -.1419263  .2561357 -8.55 0.580 -.643943 .3600904
2#0thers .1558612  .1763456 0.88 0.377 -.1897698 .5014922
3#hhite -.0090001  .1838465 -0.85 9.961 -.3693325 .3513324
3#Asian -.8454231  .2463344 -6.18 @.854 -.5282296 .4373834
3#0thers .1761407 .17157 1.83 @.305 -.1601303 .5124117
4#tWhite -.129704  .1015442 -1.28 @.201 -.3287268 .08693189
4#Asian -.0816803  .1323512 -0.62 0.537 -.3410839 .1777232
4#0thers -.9180592 .1553344 -8.12 0,997 -.3225089 .2863906
S#hhite .0545265 .1486936 0.37 0.714 -.2369076 .3459607
S#Asian .8819387  .1019518 0.80 0.422 -.1178832 .2817607
5#0thers .1190265 .217654 9.55 0.584 -.3075674 .5456204
6i#tWhite .2440621  .2082079 1.17 @.241 -.1640179 .6521421
6#Asian .0072622 .163532 0.4 0.965 -.3132548 .3277791
6#0thers .1145702  ,2159483 8.53 0.59% -.3086806 .5378211

Note: dy/dx for factor levels is the discrete change from the base level.



margins i.Rater_Gender_CD, dydx(i.Rater_Race_CD) at (Ratee_Gender_ CD=(1 2) Ratee_Race_CD=(1 2 3))

Conditional marginal effects Number of obs = 80,498
Model VCE: Robust

Expression: Linear prediction, fixed portion, predict()
dy/dx wrt: 2.Rater_Race_CD 3.Rater_Race_CD
1._at: Ratee_Gender_CD = 1

Ratee_Race (D =1
2._at: Ratee_Gender (D = 1
Ratee_Race (D = 2
3._at: Ratee_Gender_(D = 1
Ratee_Race CD = 3
4._at: Ratee_Gender_CD = 2
Ratee_Race (D =1
5._at: Ratee_Gender_CD = 2
Ratee_Race (D = 2
6._at: Ratee_Gender_(D = 2
Ratee_Race CD = 3
Delta-method
dy/dx  std. err. z P>|z| [95% conf. interval]
1.Rater_Race_CD (base outcome)
2.Rater_Race_CD
_at#Rater_Gender_CD
1#Female -.0249294 .1810888 -8.14 9.891 -.3798569 .3299981
1#Male .1669086  .1091166 1.53 0.126 -.8469561 .3807732
2#Female .137094  .2485571 8.55 9.581 -.3500689 .624257
2#Male .0982003  .1198788 9.82 0.410 -.1351898 .3315905
3#Female -.8774959 .2789499 -0.28 0.781 -.6242276 .4692359
3#Male -.1139189 .1663971 -0.68 0.494 -.4480513 .2122135
4#Female .1017458  .1427766 8.71 0.476 -.1780911 .3815828
44Male .1497694  .0830406 1.8 0.071 -.0129872 .3125261
S#Female .3235038  .1412701 2,29 0.022 .0466195 .6083882
S#Male .350916 .1828745 3.41 8.001 .1492857 .5525463
6#Female .307938  .2415519 1.27 0.202 -.165495 .781371
6#Male .8711381 .1395451 9.51 9.610 -.2023653 .3446415
3.Rater_Race_CD
_at#Rater_Gender_CD
1#Female -.0206426 .139448 -8.15 0.882 -.2939556 .2526704
1#Male .2384573 .151001 1.58 0.114 -.8574992 .5344139
2#Female -.2106302  .1595848 -1.32 @.187 -.5234107 .1021502
2#Male .0482636 .136165 8.35 0.723 -.2186149 .315142
J#Female -.0016858  .2840683 -8.01 0.995 -.5584494 .5558778
3#Male .1834549  .1692295 1.8 0.278 -.1482288 .5151387
4#Female .2059711  .1141398 1.8 0.071 -.0177388 .429681
4iiMale .3176159 .8768879 4,13 0.000 .1669184 .4683134
S#Female .3182212 .2584803 1.23 0.218 -.1883989 .8248334
S5#Male .3827212 .132882 2.88 0.004 .1222772 .6431652
6#Female .2178485 .1779513 1.22 8.221 -.1309297 .5666266
6#Male .0883566  .1764051 8.50 0.616 -.2573911 .4341044

Note: dy/dx for factor levels is the discrete change from the base level.



