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ABSTRACT
Previous studies show that CS students may not learn as much from
their courses as we might expect. This could have ramifications on
how students succeed in their future careers and may explain why
researchers report a gap between industry expectations and the
abilities of recent CS graduates. However, previous studies have
also shown that students improve their prerequisite knowledge in
subsequent courses. This study investigates the introductory data
structures proficiency of students in different courses at various
stages in our CS program, employing the validated Basic Data
Structures Inventory (BDSI). Additionally, we investigate whether
subpopulations, including transfer students and underrepresented
groups, may be more prone to not attaining as much knowledge
from our courses as we might expect.

We find that students’ knowledge of basic data structures is,
on average, better in later courses. However, we also find subpop-
ulations of students that perform worse than others or seem to
not improve their knowledge in later courses. Specifically, we find
students that transferred to our institution from a different school
perform significantly worse on the BDSI than other students and do
not improve their BDSI performance in later courses. We also find
students from demographic backgrounds that are underrepresented
in computing scored slightly, though not statistically significantly,
worse than others. Our findings warrant future investigations on
how our programs can better serve the students in the affected
subpopulations.
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1 INTRODUCTION
Inspired by the recent findings that a surprisingly large percentage
of students enter later CS classes unable to demonstrate knowledge
from earlier classes (prerequisite knowledge) [13, 27], we sought
to gain better insight into how students’ understanding of a core
computing topic changes in a progression of courses in our cur-
riculum. To this end, we administered the validated Basic Data
Structures Inventory (BDSI) [19] in three classes in a sequence of
dependent courses at our institution to see 1) how much student
understanding varies and 2) whether their understanding improves
in later courses.

Similar to our study on prerequisite knowledge [27], we found
that student performance varied widely on the BDSI, which might
pose challenges for instructors trying to address the pedagogical
needs of the students in those classes. Encouragingly, we found
that student performance on the BDSI increased for each course
in the sequence. This increase suggests that either students are
improving in their knowledge of basic data structures over time or
students who struggled are leaving. If students are improving on
their knowledge from prior courses, this is an interesting finding
as a previous study documented notable knowledge loss of CS1
material over the period of a summer [24]. However, unlike that
study, we believe basic data structure concepts are likely reinforced
in each subsequent course rather than being left to atrophy over
the summer.

In addition to looking at student performance for the whole
class, we examined performance differences between various sub-
populations of the course including: 1) transfer and non-transfer
students,1 2) students from demographically represented and un-
derrepresented groups in CS in the United States (RG and URG
respectively, see Section 4.4 for definitions), and 3) by gender.

We found a difference in performance by gender for one of the
three courses, but no clear overall trend.We also found that students
from URGs on average do slightly worse on the BDSI than students
from RGs for all three courses. However, we find no evidence that
this performance gap is widening or closing over time. Our most
concerning finding is for the transfer students. Although transfer
students perform roughly the same as non-transfer in the first
course in the series, they do not improve like their non-transfer
peers in the two later courses. This causes a growing knowledge
gap between transfer and non-transfer students over time.

These findings are consistent with the recent finding from Al-
varado et al. that students who took computing courses prior to
college (AP-CS) did better than those who did not, through the en-
tire major [4]. This makes the findings no less problematic. Indeed,

1transfer students are generally those who join our university after completing two
years of school at a community college
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these findings highlight the need for research on interventions ca-
pable of offsetting the societal barriers presented to students from
lower socioeconomic backgrounds (common among transfer stu-
dents at our institution) and to offset the lack of access to early
computing courses in school districts in the United States with a
majority of Black and Latinx students [14].

2 RELATEDWORK
It has long been known that students are not learning as much
in courses as instructors think they do [10, ch. 2][23]. Moreover,
evidence indicates an issue of knowledge retention among stu-
dents. After an extensive literature review on knowledge retention,
Custers found support for about a third of knowledge being lost
in the first year, half being lost after a few years, but leveling off
subsequently [5]. Tennyson and Beck recently showed that CS2
students who took CS1 in the Fall semester and CS2 in the Spring se-
mester had a knowledge loss of only 4%, whereas students who took
CS1 in the Spring semester and CS2 in the Fall semester showed
a knowledge loss of 15.1% [24]. This difference may be explained
by the long summer break between the Spring and Fall semesters.
A study on prerequisite knowledge has shown that upper division
CS students enter their courses with substantially less prerequisite
knowledge than teachers might expect [27]. However, students did
show evidence of improving their prerequisite knowledge during
the course that was studied. While these studies all provide great
insights, the knowledge retention of a core CS topic for students at
various stages in a CS program has not yet been studied.

Considerable work has been done in the space of the recruitment
and retention of students from groups that are underrepresented in
computing. For example, women in computing have been studied
extensively over the years [6–8]. More recently the Computing Edu-
cation Research (CER) community has begun to recognize and study
the underrepresentation of certain minority populations in com-
puting, such as Black and Latinx students in the United States [14].

The gap between the performance of students from represented
populations relative to underrepresented populations has been de-
scribed in STEM education studies, particularly in publications
that aim to narrow the achievement gap using active learning tech-
niques [11, 26]. In CS, a recent study showed that adopting Comput-
ing in Context [9], Pair Programming [29], and Peer Instruction [15]
improved performance for all groups of students with students from
URGs benefiting more in absolute numbers, but because the relative
rates of improvement were comparable, there was no evidence of
the achievement gap narrowing [21].

Transfer students have been studied less extensively, but a study
from 2010 presents several recommendations [16]. For example, it is
suggested a university should appoint study advisors specifically to
advise transfer students in order to provide them with better guid-
ance. But to our knowledge, less is known about the performance of
transfer students in computing relative to their non-transfer peers.

There are several assessments available to assess student un-
derstanding of CS topics [3, 12, 17–19, 25, 28]. In this paper we
chose to use the recently developed Basic Data Structures Inven-
tory (BDSI) [19] because of its rigorous validation process and
because we believe data structures is a central topic in virtually any
CS program. As such, other institutions should be able to repeat

our methods as part of potential replication efforts. Lastly, because
basic data structures also appear on industry coding interviews,
this is a topic that should be important to students. At the time of
writing, the BDSI is not publicly available, but it can be obtained
via the instructions appearing in the article by Porter et al. [19].

3 METHODS
This study was conducted at UC San Diego and is approved for
Human Subjects Research. The Basic Data Structures Inventory
(BDSI), a Concept Inventory (CI) specifically designed to assess
student knowledge on fundamental data structures knowledge, was
used as our instrument for measuring student proficiency [19].

3.1 Research Questions
We formalized our research questions for the study as follows:
RQ 1: Does general student performance on Basic Data Structures

change throughout the various stages of a CS program?
RQ 2: Are there differences in student performance on a Basic

Data Structures test for the following subpopulations?
• Transfer students vs non-transfer students
• Men vs women
• Students from URGs vs RGs

RQ 3: Do the performance differences between subpopulations (if
any) change across the various stages of a CS program?

3.2 Data Collection
Participants were recruited from the following three CS courses at
our university towards the end of the Fall 2020 term. We chose to
measure in multiple different courses during the same term instead
of following a single cohort because if a student were to complete
the BDSI more than once, particularly if answers were discussed at
the end of the administration, it would bias later results.

(1) Introduction to Data Structures (CS2)
(2) Introduction to Computer Organization (ORG)
(3) Advanced Data Structures (ADS)
These courses form a prerequisite chain in our department:

𝐶𝑆2 → 𝑂𝑅𝐺 → 𝐴𝐷𝑆

CS2 is taken after our introductory CS course (CS1). CS2 and
ORG are lower division courses primarily taken by first and second
year students. ADS is the gateway course into our upper division
which is generally taken by students in their second or third year.

We approached the instructors of these courses to ask for per-
mission to run a study on their students. For most of these courses
the content addressed by the BDSI is extremely relevant course
prerequisite material. This enabled us to frame our BDSI sessions
as prerequisite material review sessions for the final exams.

The instructors informed their students about these sessions. Par-
ticipation was voluntary and, depending on the course, the students
were compensated at the instructor’s discretion with extra credit on
their final exam or on a programming assignment. Since the BDSI
is a Concept Inventory, we cannot give performance based rewards
to the students as this would heighten the chances for cheating to
occur. Thus students were graded based solely on participation. In
order to discourage students from submitting random answers to
receive the participation credit without making an honest attempt
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CS2 ORG ADS
n 221 187 325

mean 5.52 6.14 6.93
std 2.67 2.70 2.92
25% 3 4 5
50% 5 6 7
75% 8 8 9

Table 1: Overall BDSI performance per course. The maxi-
mum possible BDSI score is 13.
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Figure 1: Student BDSI performance plotted per course. A
clear shift to the right is visible.

at the BDSI, we told students they would only receive the extra
credit if they took at least 30 minutes to complete the test.

For each course, students were given one hour to complete the
test. To make it the promised review session (and to provide the
students with an additional incentive to take the test seriously), we
discussed the answers with the students after they had completed
the test and submitted their answers.

We are using the recommended process for BDSI administration
as presented in the BDSI paper [19]. However, because of the ongo-
ing COVID-19 pandemic at the time of this study, we were unable
to administer the BDSI in person. Instead, we held video confer-
ence calls with our participants. The BDSI was provided through a
non-downloadable link and responses to the BDSI questions were
collected using a Google Form. On the final page of the form we
asked students to reflect on the test and provide some personal
background information.

4 RESULTS
4.1 BDSI Performance per Course
Table 1 shows the of BDSI score distributions for the three courses.
Figure 1 shows a visual overview of the distribution of BDSI perfor-
mance in CS2, ORG and ADS. An upward trend in later courses is
evident, suggesting that students continue to improve their knowl-
edge of basic data structures as they progress through their CS
program after completing their CS2 course.

CS2 ORG ADS
CS2 1 0.02 2.15e-08
ORG 0.02 1 0.01
ADS 2.15e-08 0.01 1

Table 2: All Students: Holm-Bonferroni-adjusted p-values
resulting fromapost-hocDunn’s test for the general student
population in each course. Significant values for 𝛼 = 0.05 are
bolded. Results indicate significantly different BDSI scores
for ADS compared to CS2 and ORG as well as for ORG com-
pared to CS2.

CS2 ORG ADS
CS2 1 0.01 2.32e-08
ORG 0.01 1 0.01
ADS 2.32e-08 0.01 1

Table 3: Non-Transfer Students: Holm-Bonferroni-adjusted
p-values resulting from a post-hoc Dunn’s test on non-
transfer student BDSI total scores for the three courses. Val-
ues indicating significance for 𝛼 = 0.05 are bolded. Results
indicate for non-transfer students BDSI score differences be-
tween CS2, ORG and ADS are significant.

We determined with a normality test that the BDSI performance
data per course is not normally distributed, thus we apply nonpara-
metric tests for our analyses. For example, we use Kruskal–Wallis
H tests instead of ANOVAs and Mann-Whitney U tests instead of
t-tests. As we are running many statistical tests in this study, we
adjust our p-values in order to address the increased chances for
Type I errors. We chose to apply the Holm-Bonferroni adjustment
method as it is allows for more statistical power and reduces the
probability for introduction of Type II errors when compared to
the simpler Bonferroni adjustment method [2].

A Kruskal–Wallis H test shows there are significant differences
among the BDSI results for the three courses (Kruskal Stat: 34.16, p:
3.83e-08). In order to assess all pairwise differences for significance
we ran a post-hoc test for nonparametric data (Dunn’s test). As can
be seen in Table 2, this test shows that the scores for ADS differ
significantly from the scores in both CS2 and ORG and that the
scores for ORG differ significantly from the scores for CS2 as well.

4.2 Transfer students
As can be seen in Table 4b, transfer students performed significantly
worse than non-transfer students for ORG and ADS. Moreover,
Figure 2b shows a clear upward trend for non-transfer students,
whereas there is no clear upward trend visible for transfer students.
When we run a Kruskal-Wallis H test on the non-transfer students,
we find there is a significant difference among the three courses (stat:
33.97, p: 4.19e-08). Following up with a post-hoc Dunn’s test (details
in Table 3), we find that the scores for non-transfer students signifi-
cantly improved throughout the entire program. Concerningly, we
find no evidence that transfer students improve their performance
on the BDSI anywhere from CS2 through ADS (Kruskal-Wallis H
stat: 0.52, p: 0.77).
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(b) Transfer and non-transfer students. A
clear upward trend is visible for the non-
transfer students.
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Figure 2: Box plots of BDSI performance by gender, transfer status and URG status per course.

CS2 ORG ADS
M F M F M F

n 147 71 122 64 210 98
mean 5.41 5.77 6.20 6.11 7.17 6.28

std 2.59 2.83 2.65 2.80 3.01 2.75
25% 3 4 4 4 5 4
50% 5 5 6 6 7.5 6
75% 7.5 8 8 8 10 8

M-W U stat=4878.5
p=0.43

stat=3777.5
p=0.43

stat=8415.0
p=0.01

(a) Men and women.

CS2 ORG ADS
NT T NT T NT T

n 160 60 160 26 257 52
mean 5.56 5.45 6.33 5.15 7.16 5.50

std 2.75 2.47 2.66 2.75 2.93 2.68
25% 3 3 4 3 5 4
50% 5 5 6 5 7 5
75% 8 8 8 7 10 7

M-W U stat=4714.5
p=0.42

stat=1521.0
p=0.03

stat=4432.5
p=1.79e-04

(b) Transfer and non-transfer students.

CS2 ORG ADS
RG URG RG URG RG URG

n 199 22 169 17 282 28
mean 5.64 4.45 6.30 4.88 6.98 6.14

std 2.66 2.50 2.72 2.11 2.96 2.75
25% 4 3 4 3 5 4
50% 5 4 6 5 7 6.5
75% 8 6 8 6 9 8

M-W U stat=1621.5
p=0.06

stat=998
p=0.06

stat=3313.0
p=0.08

(c) RG and URG students.

Table 4: BDSI performance distribution details per course and subpopulation corresponding to the box plots in Figure 2. Sta-
tistically significant differences between subpopulations are bolded (for 𝛼 = 0.05 according to a Holm-Bonferroni-adjusted
Mann-Whitney U test).

4.2.1 Could it be the case that transfer students who took CS2 at our
institution do better than those who took a basic data structures course
elsewhere? We asked ourselves this question after we noticed that
the BDSI performance differences between transfer students and
non-transfer students at the end of our CS2 course were not statis-
tically significant. Thus we suspected that perhaps what mattered
most for the difference in performance between transfer students
and non-transfer students in the following courses was not caused
by whether they were transfer students, but whether they had taken
the same CS2 course.

However, contrary to our expectations, the transfer students in
ADS who took CS2 at a different institution performed better on the
BDSI than transfer students who had taken CS2 at our institution.
This difference, though, was not statistically significant. Figure 3
and Table 5 show the details of the distributions. Students who did
not report their CS2 institution were excluded from the analysis.

4.3 Gender
The differences in performance between men and women are not
significant except in ADS, where we find men performed signifi-
cantly better on the BDSI. Details about the performance distribu-
tions can be seen in Figure 2a and Table 4a. Section 5.2.1 discusses a
possible explanation for why we may suddenly see this difference.

4.4 Underrepresented Groups
UC San Diego defines students from represented groups in CS (RG)
as those who are Caucasian (non Hispanic or Latinx) and Asian.

CS2 at our institution CS2 not at our institution
n 27 17

mean 5.26 6.47
std 2.73 2.45
25% 3.5 5
50% 5 6
75% 7 8

Mann-Whitney U stat=170.0, p=0.08
Table 5: BDSI performance distribution of transfer students
in ADS who took CS2 at our institution and those who took
CS2 at a different institution. The difference is not statisti-
cally significant for 𝛼 = 0.05.
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Figure 3: BDSI performance of transfer students in ADSwho
took CS2 at our institution plotted against those who took
CS2 at a different institution.
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CS2 ORG ADS
CS2 1 0.03 6.72e-07
ORG 0.03 1 0.03
ADS 6.72e-07 0.03 1

Table 6: RG Students: Holm-Bonferroni-adjusted p-values
resulting from a post-hoc Dunn’s test for the BDSI perfor-
mance of RG students. Significant values for 𝛼 = 0.05 are
bolded. Results show that for RG students BDSI scores dif-
fer significantly between all three courses.

Students from underrepresented groups in CS (URG) are defined
as those who are Black, Hispanic or Latinx, Native American and
Pacific Islander. Students who did not report their demographic
background to the university were not included in the results per-
taining to RGs and URGs. We find that, on average, RG students
performed better than URG students in all courses. However, we
were not able to establish statistical significance for these differ-
ences. Details can be found in Figure 2c and Table 4c.

A Kruskal-Wallis H test shows that for RG students there is at
least one strongly significant improvement from CS2 through ADS
(26.99, p: 1.38e-06). A post-hoc Dunn’s test (see Table 6) shows
significant differences between the BDSI scores for all three courses
for RG students.

We see slightly different results for students from URGs. Al-
though, judging by the average scores, URGs do seem to increase
their BDSI performance throughout CS2, ORG and ADS, and a
Kruskal–Wallis H test shows near significance (5.80, p: 0.055), we
did not find any significant differences between courses in a post-
hoc Dunn’s test.

5 DISCUSSION
Our results led to several interesting findings that we will discuss
in the context of our research questions.

5.1 RQ 1: BDSI Performance at Different Stages
in Our CS Program

We find that general student performance on the BDSI improved
throughout the progression of courses in our CS program. For
example, the median score increased consistently from CS2 through
ADS. Moreover, we find that the performance increases between the
courses are statistically significant. These findings are encouraging
as they imply students continue to improve their understanding of
CS fundamentals as they progress through our program. However,
we have some concern whether a 7 out of 13 in ADS represents
mastery of the material. Unfortunately, the BDSI is a relatively new
instrument and we know of no articles on student performance
later in their CS careers against which we might compare.

5.2 RQ 2: Differences in Performance Between
Subpopulations

5.2.1 Gender. We encouragingly find that men and women mostly
perform equally well on the BDSI, despite the many sociocultural
barriers that cause women to be less likely to gain access to com-
puting education prior to university in our country [1, 7]. Only for
ADS do we find a statistically significant difference in performance.
However, we suspect this may be due to the fact that the women in
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Figure 4: Student BDSI performance plotted per course and
major group.

our courses are less likely than the men to be CS majors (in ADS
69% of men were CS majors vs 49% of women). At our institution,
other majors are allowed, at times, to bypass ORG to reach ADS
and our department has found that those who take ADS without
ORG are less likely to do well.

Indeed, we see in Figure 4 for ADS that CS majors scored substan-
tially higher than other majors, whereas the differences between
majors were not as substantial in the other courses. In ADS, 49% of
women were Math and Biology-related majors, which both scored
substantially lower on average than CS majors. As only 27% of men
in ADS were Math and Biology-related majors, this could poten-
tially explain why we are seeing a performance difference between
men and women in ADS. Moreover, we encouragingly find no evi-
dence that the performance difference between men and women is
significant within CS majors in ADS.

5.2.2 Transfer Students. We find that transfer students perform
significantly worse on the BDSI than non-transfer students in all
courses except CS2. This concerning finding prompted us to inves-
tigate whether transfer students who took CS2 at our institution
were at an advantage compared to their transfer student peers who
had taken CS2 elsewhere. However, contrary to our expectations,
transfer students who took CS2 at our institution do not seem to
have an advantage over transfer students who took CS2 elsewhere.
In fact, our data seems to suggest the opposite may be true. A pos-
sible explanation is that most of the community colleges that our
transfer students attend are on a semester system, and we are on a
quarter system. It is possible that the additional 4–5 weeks of con-
tent might explain the difference. However, we remain concerned
that overall transfer students still perform worse than non-transfer
students in our courses, and call for future research to determine
the cause.

5.2.3 Underrepresented Groups. We find that students from URGs
consistently score lower on average than students from RGs. How-
ever, the combination of small sample sizes of URGs and the small
differences with RGs makes it difficult to attach any statistical
significance to the observed differences. When we filter out trans-
fer students and compare only non-transfer RGs and non-transfer
URGs, the performance gap widens further.

Interestingly, in our preliminary investigations using self-reported
URG status, we found much stronger effects than in our analysis
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on the official URG status data as provided by our institution. This
suggests there may be merit in investigating the power of self-
reported URG status when compared to an automatically assigned
demographics-based status, especially in light of recent work on
the impostor phenomenon and the importance of sense of belong-
ing [20, 22].

5.3 RQ 3: Do Performance Differences Change
Over Time?

We investigated whether the performance differences between the
subpopulations change or remain the same throughout the different
stages in the program. Our findings for this question are concerning.

5.3.1 Transfer students. For transfer students the performance
gap compared to non-transfer students appears at all stages of the
program that we measured. Moreover, the issue worsens over time,
with the gap widening with each succeeding course. While non-
transfer students significantly improve their understanding of data
structures, transfer students appear to remain at the same level of
proficiency as they progress through the program. This finding is
deserving of future inquiry to see if it is consistent across multiple
institutions and to determine potential sources of the problem.

5.3.2 Underrepresented Groups. Similarly, the performance differ-
ence between students from URGs and RGs appears in all three
courses. Moreover, while we find that RGs improve significantly
over time, we do not find statistically significant improvements
between courses for URGs. However, we observe no clear trend
that the difference between RGs and URGs increases or decreases
over time.

We know from prior work that, compared to RGs, students from
URGs have less exposure to computing before attending univer-
sity [14]. We also know from prior work that prior experience (or
lack thereof) causes performance gaps in CS courses throughout
the entire curriculum [4]. Based on these findings one might won-
der whether lack of prior experience causes a persisting gap in
understanding of basic data structures concepts even for those who
persevere in the major. This, too, is deserving of future inquiry.

6 LIMITATIONS AND THREATS
The students in our dataset all attend UC San Diego; our results may
not generalize beyond that context. One limitation of our findings
is that we did not measure performance over time for the same
population of students. This would be difficult. For the “review
sessions” recommended by the BDSI creators [19], the benefit to
students is the subsequent discussion of the correct answers. Also,
there is only one version of the BDSI. These factors limit our ability
to administer the same exam to the same population more than
once. We have assumed the populations of students are similar for
our assessed courses, and believe this to be reasonable based on
our institutional knowledge. However, a threat to validity remains
that the populations of students are different.

The BDSI instrument we used assesses just one subject that has
a unique position in the typical CS curriculum. The results may
not generalize to other subjects. Furthermore, working in a field of
practice leads students to constantly advance their knowledge by
themselves (e.g., studying for interviews), so good performance on

the BDSI cannot necessarily be attributed to what was taught nor
the quality of instruction.

A threat to external validity is that the BDSI was originally de-
signed for in-person sessions, whereas, due to the ongoing COVID-
19 pandemic, we administered the BDSI over video calls. This may
have had an impact on student performance, so our results may
not be comparable to studies where the BDSI was administered in
person. We attempted to minimize this risk by telling students to
treat the online BDSI session like a test on paper in a lecture hall,
and by asking them to not discuss or search for answers online.

Future work could explore a wider array of institutions, grad-
uating students, and evaluate knowledge on topics beyond basic
data structures. Access to student grades in CS2 could generate
useful additional insight. Likewise, learning students’ interview
preparation strategies could shed further light on the sources of
graduating student knowledge.

7 CONCLUSION
This study investigated the basic data structures proficiency of
several student subpopulations at various stages in a CS program.
Encouragingly, we find that the average student proficiency with
basic data structures increases for courses later in the CS program.
This evidence suggests that students, on average, continue to learn
core concepts like basic data structures as they progress through
the program.

Concerningly, we find that transfer students perform signifi-
cantly worse than non-transfer students in both ORG and ADS.
Furthermore, we find that this performance gap widens as students
progress further in their studies. Similarly to transfer students, stu-
dents from URGs in CS do not perform as well on the BDSI as
students from RGs, but this difference is not statistically signifi-
cant and we do not find any evidence for a widening or closing of
this performance gap over time. The performance for both trans-
fer students and students from URGs (despite a visible trend in
Figure 2c for URGs) does not statistically significantly improve in
courses over time, whereas performance of non-transfer students
and students from RGs increased significantly.

These findings are concerning for the diversity, equity, and in-
clusion of computing courses, particularly in light of the socioeco-
nomic diversity of transfer students. It is possible that the systemic
societal problems in our country that limit access to computing
before college for students with lower socioeconomic status (often
transfer students) and those from URGs [14] continues to impact
student performance even after many courses in our major. This
unsettling finding would be consistent with the work of Alvarado et
al. who found that students who took CS in high school outperform
those who did not, all the way through the CS curriculum [4]. We
believe these findings are a call to action for more research into the
sources and extent of the problem as well as possible interventions
that aim to close the performance gap.
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