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Abstract

Community colleges provide accessibility in the pursuit of higher ed-
ucation, especially for women, underrepresented minority (URM) stu-
dents, and first-generation college students (FGCS). This is especially
true for majors within the STEM field, such as computer science (CS).
However, there is a disconnect between the rates of enrollment at commu-
nity colleges and the prevalence of these underrepresented demographics
in 4-year institutions and the CS industry. The literature suggests that
social and institutional factors affect transferring CS majors. This study
aims to provide an empirical analysis on the different factors affecting
the academic performance of transferring CS students. The study found
that although all measured demographics impacted post-transfer GPA,
the largest disparities are attributed to race/ethnicity, especially among
URM students. These results will help inform an AI-driven counseling
system that caters towards transfer students in CS.

1 Research Problem

Community colleges (CCs) allow higher education to be more accessible to un-
derrepresented students, and transfer systems allow these students to continue
their education at 4-year institutions. In particular, women, underrepresented
minority (URM), and first-generation college students (FGCS) have been the
focus in the impact that the transfer pathway has. Jackson et al. (2013) notes
that in 2008, around 49% of female bachelor’s and master’s degree recipients
in STEM attended a CC, with similar percentages reported for multiple URM
ethnicities [11]. Additionally, FGCS are more likely to start upper education
at a CC in the hopes of transferring [7]. Considering the accessibility that CCs
provide women, URM students, and FGCS, supporting them through their
post-transfer academics may help to decrease the disparities in representation
within the STEM workforce.

In particular, these disparities can be seen in the field of computer science
(CS). Between 2017 and 2019, 25% of people working in the U.S. CS industry
were women [9]. This report also notes that only 7% and 8% of CS workers
in the U.S. were Black or Hispanic, compared to these groups making up 11%
and 17% of workers across all fields. Intersections between underrepresented
groups may also heighten disparities; less than 10% of CS Bachelor’s degrees
were handed to URM women in 2006 [8], while first-generation women in CS
often display a greater lack of support and self-efficacy during their undergrad-
uate years [3]. To foster a workforce representative of the overall population,
it’s important to focus on factors that may influence the academic success of
these three underrepresented groups: women, underrepresented minorities, and
first-generation students. This includes unique barriers that may exist for un-
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derrepresented transfer students, or the differences that are inherent between
different transfer institutions. The current paper aims to provide a quantitative
analysis of the impact that gender, URM, first-generation status, and trans-
fer institution may have on the academic success of underrepresented transfer
students in the CS field.

2 Review of Related Literature

2.1 Transfer Impact

Transfer students often face challenges that native (non-transfer) students in the in-
stitution do not. This can result in transfer students feeling less satisfied with their
post-transfer institution, which is further amplified for students who are also both
URM and FGCS [10]. One such challenge is the struggle to socially integrate into
a post-transfer student body. Social circles among native students may already ex-
ist, making establishing social connections more challenging. Simultaneously, stigma
within the native student body against transfer students’ academic abilities may fur-
ther reinforce feelings of social isolation and work to prevent integration [2]. These
challenges can be further complicated by the intersectionality of transfer status and
being underrepresented in their field, as is the case with women, URM students,
and FGCS [2, 4, 16]. Transferring into an environment that lacks adequate support
for social integration and academic goals for underrepresented students may hinder
academic success in the post-transfer institution.

2.2 Institutional Differences

The different ways 4-year institutions treat transfer students may impact how well
they integrate into the native student body. Institutions focusing on socialization
among native, freshman students can have the unintended consequence of isolating
transfer students [2, 4]. Opportunities for research and internships are also scarcer for
transfer students, since faculty may not form as close of a relationship with transfer
students compared to native students [18]. Conversely, providing unique transfer
experiences or facilities catered towards underrepresented populations can help foster
integration amongst the native population. Majka et al. (2021) details a boot-camp
experience that helped develop communication and acceptance between transferring
STEM students and native upperclassmen and faculty [13]. Spaces or facilities on
campus that provide support for women, URM students, or FGCS can also help said
students feel more integrated and reduce feelings of isolation in their new institution
[14]. Hence, the programs and facilities that different 4-year institutions provide can
have significant impact on the experience of underrepresented transfer students in
both positive and negative regards.

3 83



2.3 Conceptual Framework

Wang’s STEM Transfer Model [21] aims to identify the factors that influence upward
STEM transfer into 4-year institutions. The model depicted in Figure 1, is also
applicable to the persistence and performance of transfer students after successfully
transferring. Wang’s STEM Transfer Model was chosen instead of models like the
Social Cognitive Theory (SCT) or Social Cognitive Career Theory (SCCT) since
it provides a more specific framework for understanding the potential institutional,
social, and personal factors in STEM transfer success. Its scope is also specific to CC
transfer students, aligning with our research demographic. We focus on two aspects
of the STEM Transfer Model: Person Inputs and Transfer Receptivity.

Person Inputs refers to characteristics such as demographics and previous aca-
demic success. Perceived stereotypes related to these characteristics can impact a
student’s self-efficacy within STEM, both before and after transferring. This can
be seen in Cheryan et al. (2020), where perceived threats to one’s identity may be
enough to deter women from pursuing or continuing to pursue a CS degree [6].

Transfer Receptivity refers to the amount of support that an institution pro-
vides STEM students post-transfer. Institutional support can influence a transfer
student in continuing their education and obtaining a Bachelor’s degree, while a lack
in institutional support can hinder or even halt this pursuit.

Figure 1: The STEM Transfer Model, as seen in Wang 2016 [21]. The horizontal arrow throughout

the entire diagram represents time.
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3 Methodology

This study uses data derived from five different U.S. institutions: University of
Houston-Victoria (Texas), Cal Poly Humboldt (California), Northeastern Illinois Uni-
versity (Illinois), University of Texas El Paso (Texas), and SUNY Old Westbury (New
York). They are referred to as Institutions 1 through 5 within this paper, in the order
of their appearance.

3.1 Integration of Framework

The data consists of CS students who have successfully transferred into a 4-year
institution, aligning with the group of people the STEM Transfer Model is aimed at.
The statistical analysis takes into account information such as gender, race/ethnicity,
first-generation status, and earned transfer credits, reflecting Person Inputs prior to
transferring. The institution a student transferred into is included as another variable
in our models, highlighting potential institutional differences in Transfer Receptivity.

Figure 2: Student distribution based on earned transfer credits and transfer GPA. Five students

with more than 175 earned credits are omitted in the first histogram, but are included in the final

dataset.

3.2 Data Collection Method

The institutional data was obtained from the five institutions’ respective registrar
offices. The data was anonymized and filtered to only include CS and CS-related
majors, with the most recent data for each student being kept. The comprehensive
dataset was narrowed down to the following predictors: Transfer credits, gender,
race/ethnicity, and post-transfer GPA. Only students who identified as either male
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or female were kept in the final dataset. Gender is not a binary label; however, the
data had a small number of non-binary students (N = 14) and all of these students
belonged to the same institution. Hence, to prevent bias we omitted them from this
study. Additionally, post-transfer GPA refers to the GPA calculated using courses
across all semesters and institutions.

Race/ethnicity was generalized into three categories: URM, non-URM, and Other.
Non-URM consists of students who identified as only White or only Asian, since
there is an overrepresentation of these ethnicities in CS [9]. URM consists of all
other recorded races/ethnicities, which include African American, Hawaiian Pacific,
Indigenous, and Hispanic/Latinx. Although the experiences of each URM group are
unique in their own right, there is evidence suggesting that academic disparities ex-
ist that are consistent across races/ethnicities that fall under the URM category [1].
The URM category also includes undocumented students; although this is not a race
or ethnicity, some institutions recorded it as such and the experiences that undocu-
mented students face are very similar to the experiences that URM students face [14].
The Other category consists of students who either identified as being part of two
or more races, of an unknown race/ethnicity, or students who put "Other" as their
race/ethnicity. This grouping serves to represent the sample student population more
accurately, accounting for the unique experiences of students who do not clearly fall
under URM or non-URM. There also exists evidence that disparities URM students
face may not be identical to the experience that students with unknown ethnicity
have, as seen the large differences in attrition rates between URM and unknown eth-
nicity students in STEM [5]. The final dataset totals to 2056 students. Distributions
of students by earned credits and transfer GPA can be seen in Figure 2, and a table
of student demographics can be seen in Table 1.

Dem.
Inst. 1 2 3 4 5 Total

Male 48 93 946 121 473 1681
Female 14 19 208 27 107 375
White 17 58 269 40 54 438
Asian American 12 9 227 32 13 293
African American 12 3 81 36 19 151
Hispanic/Latinx 7 22 328 33 469 859
Indigenous 0 1 2 2 1 6
Hawaiian Pacific 0 0 6 0 0 6
Undocumented 0 1 70 0 0 71
Two or More Races 10 12 22 1 8 53
Unknown 4 6 149 4 9 172
Other Ethnicity 0 0 0 0 7 7
Total 62 112 1154 148 580 2056

Table 1: Student demographics across all five institutions.
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3.3 Data Analysis

Two sets of models were created using this data. For Set 1, a factorial ANOVA and a
least-squares linear regression were performed. Post-transfer GPA was the response
variable for both models, and predictor variables were race/ethnicity, gender, and
institution. The linear regression also includes earned transfer credits as a predictor
variable to represent past academic success, which has been shown to predict STEM
persistence [8, 7]. Both models use all 2056 students from the final dataset.

Set 2 is similar to the models from the first set, but also includes first-generation
status. Data used for this analysis only comes from Institutions 1 through 3, since
first-generation status was only recorded for these three institutions. Since approx-
imately one third (N = 387) of the data points report an unknown first-generation
status, data imputation was performed using the k-nearest neighbors algorithm. A
value of k = 1 was used to preserve the binary categories of first-generation and
continuing-generation.This subset of the data includes 1169 students.

Factorial ANOVAs were conducted through the Pingouin Python package [20],
and least-squares linear regressions were performed using the ISLP and statsmodels
packages [12, 17]. The k-nearest neighbors algorithm was conducted using the scikit-
learn package [15]. Significance was evaluated at the p < 0.05 level.

4 Results

4.1 Set 1

The ANOVA found that all main effects are significant on post-transfer GPA for
the predictors of gender (F (1, 2027) = 8.152, p = 0.0043), institution (F (4, 2027) =
205.937, p < 0.0005), and race/ethnicity (F (2, 2027) = 13.488, p < 0.0005). The
interaction between institution and race/ethnicity was also significant, F (8, 2027) =
2.274, p = 0.0202. The main effect of institution accounts for 28.25% of the variance
(⌘2 = 0.2825). The main effects of gender, race/ethnicity, and interaction between
institution and race/ethnicity each account for less than 1% of the variance in GPA.

The conducted linear regression found that being a URM student significantly
predicted post-transfer GPA (� = �0.2211, p < 0.0005). The amount of earned
transfer credits also significantly predicted GPA (� = 0.0035, p < 0.0005). All other
variables and interactions were deemed insignificant at the p < 0.05 level.

Earned transfer credits were significant in the linear regression as expected, since
previous academic success may predict STEM persistence and achievement [8, 7].
Although race/ethnicity accounted for 1% of the variance in the ANOVA, its statisti-
cal significance alongside URM status being significant in the linear regression imply
that race/ethnicity impacts post-transfer GPA to a degree. Furthermore, a URM
student’s GPA is predicted to be 0.22 points lower than a non-URM student’s GPA,
with all other variables constant. Institution having a high effect on post-transfer
GPA in the ANOVA may be attributed to the uneven sample sizes for each institu-
tion, as seen in Table 1. As outlined in Figure 2, earned credits has inherent bias
since most transfer students will have around two years of credits before transferring,
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Variable DF F p ⌘2

Institution 2 9.921 <0.0005 0.0091
Ethnicity 2 382.430 <0.0005 0.3513
Gender 1 6.607 0.0103 0.0030
Institution * Ethnicity 4 7.030 <0.0005 0.0129
Ethnicity * Gender 2 69.858 <0.0005 0.0642
Institution * Ethnicity * Gender 4 8.079 <0.0005 0.0148
First Gen. * Ethnicity * Gender 2 11.398 <0.0005 0.0105
Institution * First Gen. * Eth. * Gender 4 3.354 0.0097 0.0062

Table 2: Variables with significant effects for Set 2’s ANOVA, evaluated at the p < 0.05 level. The

residual degrees of freedom was 1134.

especially among CC transfers. To better determine the effects of the post-transfer
institution, more even sample sizes may be preferred. Additionally, pre-transfer GPA
may provide a better measure of previous academic success, if it is available.

4.2 Set 2

With the inclusion of first-generation as a predictor, Table 2 shows all predictors
that were deemed significant at the p < 0.05 level. Of note is that the main effect of
ethnicity accounts for 35.13% of the variance (⌘2 = 0.3513). Additionally, the inter-
action between race/ethnicity and gender yields a moderate effect size, accounting
for 6.42% of the variance (⌘2 = 0.0642). Two interactions involving first-generation
status were significant, but the main effect was not (F (1, 1134) = 0.104, p = 0.7468).

The conducted linear regression found that being a URM student significantly
predicted post-transfer GPA (� = �0.1802, p = 0.005). Earned transfer credits
were also significant in predicting post-transfer GPA (� = 0.0046, p < 0.0005). The
interactions that significantly predicted GPA were between URM ethnicity and first-
generation status (� = �0.1424, p = 0.025) and between gender, first-generation
status, and URM ethnicity (� = �0.1789, p = 0.005).

The results indicate that although first-generation status may not have a signifi-
cant effect on post-transfer GPA by itself, its intersection with other underrepresented
groups can amplify effects on post-transfer GPA. Race/ethnicity is of significance in
this set of models as well, accounting for a high percentage of the variance in the
ANOVA and URM status being significant in the linear regression. This consistency
further indicates that race/ethnicity is of importance when considering the factors we
have taken into account, though intersectionalities between underrepresented groups
can still be worth noting.

5 Conclusion

This paper first reports on the effects that institution, gender, first-generation sta-
tus, and race/ethnicity can have on transfer student success, and why certain groups
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are underrepresented in the CS academic field. Using themes from Wang’s STEM
Transfer Model, two sets of ANOVA and linear regression models were created to
analyze the effects that these demographics can have on post-transfer GPA. The re-
sults suggest that although every demographic analyzed had some effect on a student’s
post-transfer GPA, URM status had the greatest effect. Intersectionality between be-
ing URM and another underrepresented group further amplifies gaps in GPA. Based
on these results, more support towards URM students in particular may bridge the
largest gaps in GPA for the transfer student population. Future analyses using pre-
transfer GPA or additional data on students’ pre-transfer academic success may yield
clearer results on the effects of each demographic. Ultimately, these results will help
design an AI-driven counseling system catered towards transfer students and tailored
to their specific needs [19]. We expect that this system will allow CS transfer students
to realize their full potential within higher education.
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