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Abstract
Instructors often contextualize programming problems to increase 
student motivation and help students relate to the problems. While 
prior research has pointed out many trade-offs to contextualiza-
tion, it has not considered whether contextualization can introduce 
stereotype threat into the classroom. Our study examines how ref-
erencing gender stereotypes in programming problems impacts 
students’ performance. We recruited N = 97 students to complete 
programming problems that referenced gender stereotypes, mea-
suring the number of test cases they passed, how long it took them 
to read the problems, and how much time they spent working on 
the problems. We found that neither reinforcing nor subverting 
gender stereotypes in the context of programming problems intro-
duced gender disparities in performance. However, we noted that a 
pre-existing gender disparity in the number of test cases passed dis-
appeared on problems that subverted gender stereotypes. We also 
observed a large effect on the time participants spent reading those 
problems. Overall, our findings suggest that referencing gender 
stereotypes in programming problems can impact some aspects of 
performance, but may not result in significant differences overall.
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1 Introduction
Learning to program is difficult and requires practice [6]. Assess-
ments contribute to this learning by providing students with feed-
back and helping instructors identify when students need support. 
Designing good assessments is thus central to teaching computing.

Instructors often try to improve their assessments by adding 
context to programming problems. For example, a problem where 
students must sum elements of a list may be accompanied by a nar-
rative where a barista calculates the total tips they received. Contex-
tualization is beneficial because it can motivate students [2, 6, 15] 
and help students relate to the problems [9, 11, 30]. However, it 
can also add to students’ cognitive load [7, 27] because they must 
process extra information and determine which parts of the context 
are relevant. This does not mean contextualization is bad. Specifi-
cally, contextualizing programming problems in assignments and 
assessments allows students to practice and demonstrate their abil-
ity to apply computing concepts in social contexts. This cognitive 
load is necessary for learning, and is therefore germane load [27].

Even so, there may be other unintended consequences to contex-
tualizing programming problems, such as introducing stereotype 
threat into the classroom. Stereotype threat occurs when a person 
is “concerned about being judged or treated negatively on the ba-
sis of a stereotype” [24]. It can impede students’ performance by 
distracting them from demonstrating their knowledge [24].

Prior research has found that indirectly reminding students about 
performance stereotypes before an assessment can trigger stereo-
type threat [12, 13, 25, 26]. It is therefore likely that explicitly refer-
encing, and therefore reinforcing, negative stereotypes in the con-
text of programming problems may also trigger stereotype threat. 
Women, Black, and Hispanic/Latinx students may feel they are 
at risk of conforming to negative stereotypes about their identity, 
while Men, White, and Asian students may feel additional pressure 
to succeed and struggle to focus [12, 13]. In contrast, it is possible 
that subverting negative stereotypes in the context of program-
ming problems might improve performance. Women, Black, and 
Hispanic/Latinx students may find the context encouraging and 
develop more confidence in their skills, while Men, White, and 
Asian students may feel less pressure to succeed.

However, we do not know whether referencing stereotypes in 
programming problems can trigger stereotype threat and therefore 
influence students’ performance. Here we investigate this possi-
bility for gender stereotypes in particular. We recruited students 
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who recently completed an introductory programming course to 
solve programming problems whose context either reinforced or 
subverted gender stereotypes. We used students’ performance on 
the problems to investigate the following research question (RQ): 
Does referencing gender stereotypes in programming problems 
introduce gender disparities in performance?

2 Related Work
2.1 Contextualization and Performance
Prior research in psychology [9], math [22], and computer science 
(CS) has yielded mixed results on whether the contextualization1 
of problems helps or undermines students’ performance. In this 
section, we focus on papers situated in CS contexts. This is because 
CS has a higher intrinsic cognitive load than other domains [8, 20], 
so their findings likely cannot be directly extrapolated to CS [2, 14].

A 2016 ITiCSE working group [2] demonstrated that contextu-
alization did not impact novice programmers’ performance on a 
task similar to Soloway’s Rainfall Problem [23]. Lovellette et al. [16] 
found no differences in either the structure of students’ code or its 
output correctness on the contextualized and not contextualized 
versions of Soloway’s Rainfall Problem. A more recent study by 
Lovellette et al. [15] concluded that context (and its authenticity) 
does not influence novices’ performance.

Leinonen et al. [14] studied whether the contextualization of 
math-oriented programming tasks impacted novice programmers’ 
performance. They found that students who were assigned a non-
context variant of a task passed less test cases and made more 
algebraic mistakes, but spent less time coding. This suggests that 
contextualization can both help and harm students and that future 
research should aim to identify which aspects and kinds of context 
can affect students’ performance. Craig et al. [6] evaluated students’ 
performance on contextualized problems from domains introduced 
earlier in the course. They found that students who completed 
contextualized problems did not outperform the others.

Our work adds to the literature by examining whether and how 
a specific kind of context, i.e. context that reinforces or subverts 
gender stereotypes, impacts students’ performance.

2.2 Stereotypes in Computer Science
Stereotypes are “beliefs about the characteristics, attributes, and 
behaviors of members of certain groups” [10]. Stereotypes are preva-
lent in CS. Specifically, computer scientists are often thought of as 
singularly focused, highly intelligent men who lack interpersonal 
skills and are interested in video games and science fiction [4, 18]. 
These stereotypes can negatively impact students’ performance (see 
Section 2.3). Furthermore, they can undermine students’ interest in 
CS and deter their participation in the field [3, 4, 18].

2.3 Stereotype Threat
Stereotype threat threatens students’ self-integrity and imposes 
additional pressure on them to succeed [24]. Although this can 
serve as motivation and improve performance on unchallenging 
tasks, it impedes performance on challenging tasks. Specifically, it 
can prevent students from focusing on a task because they need 

1Here, contextualization means adding a real-world narrative that motivates a problem.

to redirect some of their working memory towards suppressing 
negative emotions and thoughts that arise [24]. It may also cause 
students to pay conscious attention to well-learned behaviors that 
are otherwise conducted automatically [24]. These additional efforts 
can be considered extraneous cognitive load, which results from 
less-than-optimal instruction and not the intrinsic difficulty of the 
material [27]. Lastly, stereotype threat may cause students to lower 
their self-expectations and place less effort into preparing for a task 
so that they have an excuse for what they believe is impending 
failure. As a result, high-achieving individuals who care more about 
their performance are most impacted by negative stereotypes [24].

The extent to which stereotype threat affects an individual’s 
performance depends on the relevance of the stereotype to the 
assessment, how strongly the individual identifies with the domain 
of the assessment, and the difficulty of the assessment [21]. Prior 
works indicate that the effects of stereotype threat are pronounced 
on harder assessments [12, 21, 25]. They also suggest that moder-
ately explicit cues tend to result in the largest stereotype threat [21]. 
It is thus possible that referencing gender stereotypes, a moderately 
explicit cue, may trigger stereotype threat on difficult assessments.

Much of the literature on stereotype threat focuses on threats 
targeting students’ race and gender [3, 5, 12, 13, 18, 21, 29]. How-
ever, some have shown that stereotype threat can also target other 
identities, such as whether students attended high schools that are 
well represented at their university [1]. Below, we highlight the 
few works situated in computing contexts.

Kumar [12] evaluated the impact of stereotype threat in comput-
ing by asking students for their demographic information either 
before or after an online assessment. He found that asking for stu-
dents’ sex and race before the assessment resulted in decreased 
scores for female and non-Caucasian students and male and Cau-
casian students who had not mastered the course material. In a 
follow-up study [13], Kumar found that all students scored lower 
and spent more time on an assessment when they were asked to re-
port their sex and race prior to its start. This suggests that stereotype 
threat affects both positively- and negatively-stereotyped students.

To our knowledge, no studies have investigated whether assess-
ment content can trigger stereotype threat and therefore impact 
students’ performance. Our work begins to fill this gap in the com-
puting education literature. Like Kumar [12, 13], we use students’ 
performance on items as indicators of stereotype threat.

3 Methods
We had students solve Python programming problems (“items”) 
that reinforced or subverted gender stereotypes. The items used 
content manipulations that were ecologically valid with respect to 
CS item design norms.

3.1 Positionality
The first author is a PhD student with experience as a teaching 
assistant for programming courses. She wrote the initial drafts of 
the items. As an undergraduate student at a U.S. university at the 
time, she knew what stereotypes may be familiar to the participants 
and had seen many contextualized programming problems. The 
items were edited and approved by the other authors, who had 
expertise in item design and research on educational assessments.
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3.2 Item Design Process
In designing the items, we first compiled a list of concepts we could 
assess by looking at sample CS1 syllabi. Then, we came up with a list 
of gender stereotypes that our population, undergraduate students 
at North American colleges and universities, were likely familiar 
with. The list had both computing and societal stereotypes because 
both can generate negative emotions that impede performance.

We then wrote items that reinforced gender stereotypes (“Dom-
inant” items). Around half of the items reinforced the stereotype 
that men are more interested in and better at computing. The re-
maining items referenced traditional gender roles and notions of 
femininity and masculinity. We created items that subverted gender 
stereotypes (“Disruptive” items) by reversing the direction of the 
stereotypes in the Dominant items. Each pair of Dominant and Dis-
ruptive items could be solved with identical code, and their lengths 
did not differ by more than one sentence. We provide descriptions 
of the item pairs in Table 1 and an example item pair below.

“A student who was supposed to represent their school for a ro-
botics competition quit the team, and the coaches are issuing 
an exam to determine who should replace [her/him]. All of the 
current students on the team are [male (‘M’)/female (‘F’)], so 
the coaches are considering selecting the highest scoring [non-
male/non-female] student as the last team member. Write a func-
tion that returns the name of the highest scoring [non-male/non-
female] student. If there is a tie, select the student whose name 
comes first alphabetically… [*description of parameters*].”

The items collectively assessed the following concepts: branch-
ing, loops, lambda, and integer, string, list, set, and dictionary ma-
nipulation. Most items combined multiple concepts to increase their 
difficulty. This was because 1) stereotype threat effects are more 
noticeable on difficult assessments [12, 21, 25], and 2) we wanted to 
avoid ceiling effects that masked performance differences. For each 
item, we wrote 7 test cases that empirically defined its correctness.

We piloted the items with 5 undergraduate students at U.S. R1 
universities. They gave feedback on how long it took them to solve 
the items, if the references to the stereotypes sounded forced, and if 
any language was confusing. We revised the items accordingly, to 
ensure that the items were reasonably difficult and phrased clearly.

3.3 Study Design
Our study was reviewed and determined exempt by our university’s 
ethics board. The study was conducted in two stages. In the 1st stage, 
all participants completed 9 “Neutral” items that did not include 
any narrative (and theoretically would not pose stereotype threat). 
We used participants’ performance on the Neutral items to route 
them to one of two difficulty levels (“Easy” or “Hard”) in the 2nd 
stage. The routing was necessary because the items needed to be 
sufficiently difficult in an absolute sense, but also on a per-learner 
basis. If the items were too easy for participants, we would not be 
able to observe any stereotype threat effects because they would 
perform well despite redirecting their working memory [24]. If 
the items exceeded participants’ abilities, we would not be able to 
distinguish participants who experienced stereotype threat from 
those who did not. In the 2nd stage, participants completed one 
of four problem sets (PS1 - PS4). Each problem set contained 9 
contextualized items that tested different subsets of skills. This let 

us test participants’ knowledge broadly and not “double-penalize” 
those struggling with specific skills. To minimize item order effects, 
we shuffled the order of the items for each participant. We required 
participants to submit their code for an item before starting another.

The items in PS1 and PS2 were easier than the items in PS3 and 
PS4 in that they did not assess as many skills and were slightly 
shorter in length. The items in PS1 and PS3 reinforced gender stereo-
types, while the items in PS2 and PS4 subverted gender stereotypes.

We routed participants to a difficulty level (“Easy” or “Hard”) 
based on a combination of item correctness, calculated using the 
total number of test cases they passed in the 1st stage, and a survey 
question that participants completed after finishing the 1st stage. 
Specifically, we asked participants to indicate the extent to which 
they agreed with the statement that “The items in the [1st stage] 
were difficult for [them] to complete.” This data was collected using a 
4-point Likert scale, ranging from “Strongly Disagree” to “Strongly 
Agree.”2 We used item correctness as the primary routing condi-
tion. If a participant passed every test case for all items, they were 
randomly assigned a “Hard” problem set. If a participant passed 
an average of <= 2 test cases per item, they were randomly as-
signed an “Easy” problem set. We routed other participants based 
on their response to the survey question. If participants agreed or 
strongly agreed, they were randomly assigned an “Easy” problem 
set. Otherwise, they were randomly assigned a “Hard” problem set.

3.4 Participant Recruitment
To recruit, we sent an email to computing faculty in higher educa-
tion and asked faculty who recently taught introductory Python 
programming courses to share an email with their students. In the 
email, students were given a link to a pre-survey where they first 
answered questions about their prior coursework and English flu-
ency. We included these questions to verify that the students had 
the knowledge to solve the items and could understand the item 
contexts enough to be impacted by the manipulations. Students 
who were fluent in English and had taken exactly one introductory 
Python programming course in the previous year were eligible to 
participate in our study. We recruited students who took exactly one 
programming course to ensure that they had sufficient knowledge 
to solve the items, but not too much knowledge where they would 
find the items easy and not be susceptible to stereotype threat.

The rest of the pre-survey informed students of the study compo-
nents, participation guidelines, and compensation. Additionally, it 
asked students to pledge that they would write all their code in the 
provided code editor, not use generative AI to solve the items, and 
“meaningfully attempt” each item by spending at least 5 minutes 
working on it, unless they passed all the test cases sooner. We did 
not ask about demographics in the pre-survey to avoid triggering 
stereotype threat [12, 13] before students began the study.

We note that our goal in recruitment was not to find a represen-
tative sample of computing students. Rather, we sought to recruit 
students who wanted to gain more practice with Python because 
they are likely high-achieving and are thus more likely to experi-
ence stereotype threat [24]. Also, we note that we did not conduct 
this study in a course because we wanted to reach a diverse group 
of students from institutions with varying computing cultures.

2We excluded the “Neutral” option as it did not provide useful information for routing.
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Table 1: Brief descriptions of the item pairs that referenced gender stereotypes. Item pairs labeled with an asterisk (*) referenced 
computing stereotypes; the rest referenced societal stereotypes.

Concepts assessed Objective (& relevant context) Diff. within item pairs is 
the gender of the…

A* loops, branching Determine whether a person has a collectible item that can be 
traded to another in exchange for help assembling a PC

People seeking and giving 
help

B loops, branching, string manipulation Calculate the cost of a manicure People seeking and pro-
viding the manicure

C* integer manipulation, branching Calculate whether a student is predicted to pass an introductory 
CS class that they are currently failing

Student failing the class

D integer manipulation Calculate amount a person’s spouse will spend getting gas for them Person
E list manipulation, branching, loops Tally up votes to determine if a family will be attending an event Head of the household
F* dictionary/list manipulation, branching, loops Identify what airline has the cheapest flight for a trip that will be 

paid for by a relative who is a software engineer
Relative

G* dictionary/list manipulation, branching, loops Identify who a student should hire as a tutor Student needing a tutor
H* nested branching, integer/list manipulation, loops See example quote. See example quote.
I integer/list manipulation, branching, loops Calculate how much money a sports fan would win/lose from a bet Sports fan
J lambda, dictionary/integer/list/set/string manipu-

lation, nested loops, nested branching
Calculate how many places one must visit to buy everything on a 
grocery list

Person going shopping

K* lambda, dictionary/list manipulation, branching, 
nested loops

Identify what foods can be present at a celebration dinner for a 
friend who just got hired as a software engineer

Friend

L* lambda, list/integer/dictionary manipulation, 
branching, loops

Identify pens that are “lucky” and can be used for an exam that 
determines whether a failing student passes a CS class

Failing student

M lambda, dictionary/list/string manipulation, 
nested loops, nested branching

Identify the smallest set of ingredients that a person can buy so 
that they can make any one of their grandparents’ recipes

Grandparent

3.5 Data Collection
Participants completed the study on a platform that automated 
study participation and collected participants’ keystroke log data. It 
recorded the participants’ interactions with the platform interface, 
including every character the participants typed or deleted and 
when participants opened an item, indicated that they were ready 
to start coding, switched tabs, copy/pasted code, and tested or 
submitted their code. These logs included time stamps. Additionally, 
when participants tested or submitted their code, the platform 
recorded the test cases they passed and failed. This data let us track 
the correctness of participants’ code and estimate how long it took 
participants to read each item prompt and write each solution.

After participants finished the pre-survey, they completed (in 
order): a tutorial of the platform, the Neutral items, a 1-question 
survey,3 their assigned problem set, and a post-survey. In the post-
survey, we collected participants’ gender using free response text 
boxes. Additionally, we asked them about their “perceptions of how 
the problems were phrased, described, and contextualized.”

504 students filled out the pre-survey, and 450 of them were 
eligible to participate. 192 students completed the study.

3.6 Data Cleaning
We only analyzed data from participants who meaningfully at-
tempted every item and did not paste external code into the code 
editor while solving the items, as we could not capture their entire 

3Which was used to determine their assigned problem set, see Section 3.3.

Table 2: Demographics of participants who completed the 
study and followed all guidelines. The gender majority in-
cludes men. The gender minority includes women, non-
binary, transgender, and gender-fluid participants.

 N  Gender Majority  Gender Minority
 All  97  40  57

 PS1 (Easy, Dominant)  24  9  15
 PS2 (Easy, Disruptive)  28  7  21
 PS3 (Hard, Dominant)  20  13  7
 PS4 (Hard, Disruptive)  25  11  14

problem-solving process otherwise. A total of 97 participants fit 
this description, see demographics in Table 2.

We also excluded participants’ code for an item if the time be-
tween when they first opened the item and their final keystroke was 
greater than an hour. This was because some participants took long 
breaks while working on select items, as indicated by large time 
gaps between keystrokes, and much of this break was likely not 
spent thinking about the item. Lastly, our analyses only considered 
participants’ data from items that mentioned a gender stereotype.4 
We did not include a gender stereotype in every item to avoid the 
items becoming too similar to one another and to make the prob-
lem sets more authentic, since most instructors will not design an 
assessment where every item references a stereotype.
4There were 6 items from PS1/PS2 and 7 items from PS3/PS4 that fit this criteria.
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Table 3: Interpretation of CLES values [28].

 If the CLES is within…  The effect is…
(0.44, 0.56)  Negligible

(0.36, 0.44] or [0.56, 0.64)  Small
(0.29, 0.36] or [0.64, 0.71)  Medium
[0.00, 0.29] or [0.71, 1.0]  Large

We divided participants into two groups using their responses 
to the post-survey. Participants who identified as a man were clas-
sified as belonging to the gender majority. All other participants 
were classified as belonging to the gender minority. This was neces-
sary as less than 10% of the participants identified as non-binary, 
transgender, or gender-fluid.

3.7 Data Analysis
We measured participants’ performance in three ways. First, we 
analyzed the number of test cases a participant passed for each item 
(Tests Passed). We used the score from participants’ final submission 
because it is most likely to reflect their full knowledge. Second, we 
analyzed the time a participant spent reading the prompt before 
starting to code (Time Reading). We calculated this as the time (in 
minutes) between a participant first opening the item and their first 
keystroke. This metric indicates how difficult it was for participants 
to comprehend the context. Third, we analyzed the total time (in 
minutes) between a participant’s first and last keystrokes (Between 
Keystrokes). This metric represents participants’ time on task and 
can be considered an indicator of their coding effort. Collectively, 
these metrics serve as proxies for (extraneous) cognitive load faced 
by participants who experience stereotype threat.

We used the Mann-Whitney U (MWU) Test [17] in our analysis 
as our data was not normally distributed. Since we ran multiple 
tests on each dataset, we applied a Bonferroni correction to reduce 
the risk of false positives. We performed the correction by dividing 
the threshold (𝛼  = 0.05) by the number of tests performed on each 
dataset; we use the corrected 𝛼  (0.0167) to determine the statistical 
significance of our results. We report the common language effect 
size (CLES) [19] for all MWU test results. It can be interpreted using 
guidelines set forth by Vargha and Delaney [28], shown in Table 3. 
We report the CLES-Maj, i.e. the proportion of all possible cross-
group pairs of participants in which the participant from the gender 
majority has the larger metric value. The CLES-Min is 1 - CLES-Maj. 
For Time Reading and Between Keystrokes, CLES-Maj values greater 
than 0.5 are in favor of minority participants.

4 Results
Before proceeding to data analysis, we examined the distribution 
of the three metrics across all participants for each of PS1-PS4. This 
was to confirm that all three metrics were capable of demonstrating 
difference. The minimum, median, and maximum (MMM) metric 
values for each subgroup of participants are reported in Tables 4 
and 5, rounded to the nearest minute. We found slight ceiling effects 
on Tests Passed on PS1 and PS2. This suggests that PS1 and PS2 may 
have been too easy, and that we may not be able to see the effects 

of stereotype threat through Tests Passed. There were no floor or 
ceiling effects for Time Reading or Between Keystrokes.

We also examined participants’ responses to the post-survey 
question on their perceptions of the items. This was to confirm that 
other aspects of the items did not significantly hinder performance 
and to gain insight into participants’ impressions of the context.

Overall, participants (𝑁 = 56) found the items to be phrased well 
and accessible for participants whose first language was not English. 
Participants’ impressions of the items were varied, with 32 partici-
pants finding the context to be helpful, and 10 participants finding 
the context to be distracting or confusing.5 Their descriptions of 
their interactions with the context were consistent with the litera-
ture on the tradeoffs of contextualization [2, 6, 7, 9, 11, 15, 27, 30].

Not many participants addressed the nature of the context in 
their responses; 26 participants mentioned (and, mostly, appreci-
ated) that the context incorporated real-world scenarios, and two 
of them pointed out that the context referenced gender stereotypes. 
This does not imply that the stereotypes were not salient to other 
participants — we did not mention stereotypes in the question stem 
to avoid influencing participants’ perceptions with leading ques-
tions. It is likely that more participants recognized the stereotypes 
in the items, but did not think to mention them in their response.

4.1 RQ: Stereotyped context did not introduce 
gender disparities in performance

To answer our RQ, we compared the performance of participants 
from the gender majority to that of participants from the gender mi-
nority. We first examined participants’ performance on the Neutral 
items, to identify pre-existing differences between groups. Then, 
we compared participants’ performance within each of PS1 - PS4, 
averaging each metric for each participant across the items.

When we compared participants’ performance on the Neutral 
items, we found that minority participants who were later assigned 
PS2 passed significantly fewer test cases on average than major-
ity participants also assigned PS2 (𝑝 = 0.012). This suggests that 
gender minority participants from PS2 may have started with less 
prior knowledge. There were no significant differences in the three 
metrics for majority and minority participants from PS1, PS3, and 
PS4 (see Table 4), although there was a large effect of 0.72 in favor 
of majority participants from PS1 on Tests Passed.

When we compared majority and minority participants’ perfor-
mance on their assigned problem set, we found no significant differ-
ences in any of the metrics (see Table 5). Notably, this means that 
majority and minority participants passed a comparable number of 
test cases on PS2, despite majority participants passing significantly 
more test cases on the Neutral items. However, we did observe a 
large effect of 0.73 on Time Reading for PS2.

Collectively, these results suggest that neither reinforcing nor 
subverting gender stereotypes in programming problems intro-
duced gender disparities in performance. However, the elimination 
of the gender difference in Tests Passed for those later assigned 
to PS2 does indicate that subverting gender stereotypes in item 
contexts may have helped eliminate performance gaps between 
majority and minority participants. 

5The remaining participants did not explicitly discuss the utility of the context.
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Table 4: MWU tests on Neutral items. Large effects and sig-
nificant results are bolded.

 MMM
Metric Group  CLES-Maj 𝑝  Maj  Min

Tests Passed
PS1  0.72  0.084  2/6/7  1/4/7
PS2  0.83  0.012  5/6/7  0/5/6
PS3  0.55  0.696  6/7/7  6/7/7
PS4  0.58  0.407  5/7/7  4/7/7

Time Reading
PS1  0.34  0.210  0/1/2  1/2/9
PS2  0.39  0.426  0/1/4  0/1/6
PS3  0.62  0.438  1/1/16  0/1/3
PS4  0.48  0.891  0/1/6  0/1/5

Between 
Keystrokes

PS1  0.50  1.0  3/9/14  2/8/26
PS2  0.56  0.640  8/9/12  2/9/25
PS3  0.69  0.183  4/7/16  4/5/7
PS4  0.37  0.286  2/5/11  2/6/14

Table 5: MWU tests on PS1 - PS4. Large effects are bolded.

 MMM
Metric  Data  CLES-Maj 𝑝  Maj  Min

Tests Passed
 PS1  0.57  0.544  6/7/7  4/7/7
 PS2  0.65  0.236  6/7/7  5/6/7
 PS3  0.42  0.579  2/5/7  4/6/7
 PS4  0.65  0.228  4/6/7  2/5/7

Time Reading
 PS1  0.39  0.404  0/1/2  1/1/9
 PS2  0.73  0.080  1/2/3  0/1/5
 PS3  0.59  0.536  1/2/28  1/4/6
 PS4  0.49  0.935  1/2/7  1/2/8

Between 
Keystrokes

 PS1  0.70  0.107  1/4/9  1/2/5
 PS2  0.65  0.249  3/4/7  1/3/8
 PS3  0.42  0.588  4/10/14  4/11/16
 PS4  0.47  0.848  2/10/17  4/10/21

5 Discussion
We did not find evidence that the use of stereotyped context created 
gender disparities in performance. There were no significant differ-
ences in majority and minority participants’ performance on the 
four stereotyped problem sets at either 𝛼 = 0.05 or the corrected 
𝛼 = 0.0167. We see two likely explanations for this observation. 
First, the context may have triggered stereotype threat in all partic-
ipants. This explanation is aligned with prior work, which suggests 
that both positively- and negatively-stereotyped students are vul-
nerable to stereotype threat. Second, the context may have triggered 
stereotype threat in none of the participants. It is possible that the 
stereotypes were not salient to participants, or that participants 
noticed the stereotypes but did not experience stereotype threat 
because computing is not an important part of their identity [21]. 
Other factors, including concept familiarity and self-efficacy, may 
also have influenced students’ performance and interacted with the 
stereotyped context, although our results do not suggest that there 
were systematic differences in such knowledge.

Interestingly, our results suggest that using subversive contexts 
may help close performance gaps between students from the gender 
majority and minority. Specifically, among the participants routed 
to PS2, those who identified as being from the gender majority 
passed significantly more test cases on the Neutral items, but not 
the Disruptive items from PS2. However, since there were no other 
pre-existing differences in performance, we do not know whether 
this trend applies more broadly. Also, it is unclear if the gap was 

closed because the subversive contexts positively impacted minor-
ity participants,6 negatively impacted majority participants, or both. 
Given that we observed a large effect in Time Reading for PS2 in 
favor of minority participants, it is possible that majority partic-
ipants were more surprised by the subversive contexts (perhaps 
because it contradicted their preconceived notions about gender) 
and needed to re-read the problems to fully comprehend them.

6 Threats to Validity
To our knowledge, this work is the first to explore how stereotyped 
context can affect student performance on programming problems. 
While our findings add nuance to the literature on contextualization 
and stereotype threat, there are threats to internal and external 
validity. First, the items were not assigned as part of a graded course, 
so some participants may not have cared enough about their perfor-
mance to experience stereotype threat. We tried to mitigate this by 
only including data from participants who meaningfully attempted 
all items. Second, there was an imbalance in the number of ma-
jority and minority participants across problem sets, because we 
could not factor demographics into the routing mechanism — as 
discussed in Section 3.4, asking participants for their demograph-
ics before/during the study may trigger stereotype threat [12, 13]. 
Third, we cannot be sure our content manipulations were salient 
to participants. However, we did center the items in our analyses 
around a gender stereotype, so participants likely recognized them 
when reading the prompts. Fourth, our sample sizes are relatively 
small, so we may not have had enough statistical power to detect 
subtle differences. Lastly, our study has selection bias. Participants 
had passed a CS course and wanted more practice with Python; our 
results may only apply to motivated or high-achieving students.

Future work can use similar logging infrastructure and item-pair 
methods to repeat this study in a more controlled environment, at a 
larger scale, and with participants that may be more representative 
of the overall student population in computing. It can also evaluate 
how referencing gender stereotypes in programming problems 
influences students’ sense of belonging or self-efficacy. It is possible 
that the use of subversive item contexts can help students from the 
gender minority feel seen and improve their affective outcomes.

7 Practical Implications and Conclusion
We find that, when controlling for prior knowledge, gender majority 
and minority students react similarly to seeing stereotyped context, 
regardless of whether the context reinforces or subverts gender 
stereotypes. Yet, when there are pre-existing differences in perfor-
mance, gender minority students may benefit more from seeing 
programming problems whose contexts subvert gender stereotypes. 
Our results do not clearly advocate for or against the use of stereo-
typed context. Rather, they add to the broader evidence suggesting 
that stereotype threat effects are context dependent.
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