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Abstract
To broaden participation in the computer science (CS) field and
its workforce, it is important to consider how students from non-
CS majors enter the field at various points along the educational
pipeline. Gaining insight into these students’ attitudes and interests
toward CS requires a validated, reliable instrument that can cap-
ture the factors influencing their perceptions. While several tools
have been developed to measure motivation, attitudes, knowledge,
and self-efficacy in CS, few are specifically designed to focus on
non-CS majors who may hold peripheral or emerging interests in
the discipline. In this study, exploratory factor analysis was used to
re-validate the Engineering Students’ Attitudes towards CS survey
initially created by Hoegh andMoskal using a population of non-CS
majors. Results indicated that a 1-factor solution best fits the data
for the Interest, Confidence, and Gender Equality Perceptions (GEP)
constructs. Unique to this study, is support for a shortened 5-item
GEP subscale. Results showed that the 5-item GEP performed as
well as (and at times better than) the 10-item GEP. Based on these
results, we recommend researchers wishing to examine Gender
Equality Perceptions use a shortened version of the subscale uti-
lizing only the 5 positively worded items. As a secondary interest
of the work, results indicated women were nearly a full standard
deviation higher on GEP subscales (Cohen’s d = .961 and .837).
This is considered a large effect size in social science research and
indicates women had higher ratings of gender equality in CS than
men did.
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1 Introduction
Recent studies have identified several barriers to degree completion
and career entry in CS including stereotypes, biases, classroom
cultures [12, 40], lack computer self-efficacy, and a wavering sense
of belonging [20, 34]. On the other hand, confidence [29], self-
efficacy [7] and pre-college experiences [47, 50] have been found to
positively affect the student experience in computer science (CS).
Students who have positive attitudes towards computing are more
likely to persist in computing [15]. Additionally, researchers have
attributed internal factors such as attitudes and perceptions towards
computer science at various education levels as important factors
for shaping student’s trajectories [15, 48]. Understanding students’
perceptions and attitudes towards the CS field may help mitigate
the impact of negative stereotypes and encourage a diverse range
of individuals to explore Computer Science.

Valid and reliable instruments measuring attitudes in CS are
essential to understanding how these constructs impact outcomes.
Several instruments have been developed to measure motivation,
attitudes, knowledge, and student self-efficacy in CS [13, 15, 23–
25, 33, 48]. While many of these surveys focus on attitudes at the
undergraduate or secondary school level, few are focused on stu-
dents that are not part of the CS pipeline (i.e. non-CS majors) [27].

The purpose of the current study was two-fold. The primary goal
of this study was to re-validate an instrument [26] measuring the
confidence, interest, and gender perceptions of students towards
CS for a population of non-CS majors enrolled in introductory CS
courses. The secondary goal of the current study was to use the
re-validated instrument to investigate differences in confidence,
interest, and gender perceptions of CS coursework across gender,
ethnicity, and college majors of non-CS students using inferential
statistics. Previously, this instrument was validated using a sample
of freshman engineering students enrolled in a Calculus II course, a
required mathematics course students for science and engineering
students that was typically completed before selecting a major [26,
35], and for students in high school who participated in summer
workshops [22]. The validity and reliability of measures are always
specific to the population of interest. An instrument may be valid
and reliable for one population but not for another. Because the
population of interest in the current study differed from that of the
original study, re-validation was necessary. In re-validating this
instrument, we provide validity and reliability evidence for using
the measure in a different population, providing evidence that the
instrument measured what it purported to measure and that the
items were internally consistent [31].
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2 Prior Work
The recent literature on STEM education has shed light on various
aspects of retention challenges in higher education. Blackburn’s [4]
comprehensive review highlights the status of women in STEM
from 2007 to 2017, emphasizing the need for ongoing research
and interventions. Giannakos et al. [19] examined the factors that
influenced student retention in computer science education, identi-
fying the crucial role of the learning environment, perceived gains,
barriers, and perceived usefulness of the field. Tellhed et al. [44]
contributed insights into the factors shaping adolescents’ first edu-
cational choices, emphasizing the role of ability beliefs and acetic
versus communal career goals, providing explanations for gender
imbalances. Other studies have focused on the persistence and re-
tention of students already in the computing pipeline [4, 8, 42]. In
this work, we were interested in understanding the attitude and
perception of non-CS majors in introductory CS courses about the
computing field. As such, we began our investigation by looking at
the literature around attitude in CS and examined existing instru-
ments that have been developed and validated to measure relevant
constructs. We will start by doing a looking at existing surveys and
then focus on the chosen instrument for this study.

2.1 Engineering Attitude Surveys
Various surveys have been designed to assess constructs related
to engineering education across different education levels. Engi-
neering Attitude Survey [36] examined constructs such as transfer,
interest, problem-solving, confidence, attitude, and motivation. The
Engineering Motivation Survey [6] focuses on undergraduate stu-
dents and measures constructs such as attainment, interest, cost,
utility value, and expectation of success. The Freshman Engineering
Attitude Survey [21] targets undergraduate students, exploring com-
munication skills, knowledge integration, lifelong learning, team
expectations, and technical skills. High school students are the fo-
cus of the High School Students’ Attitude to Engineering Scale [25],
which evaluates confidence, career aspirations, self-efficacy, aca-
demic history, knowledge, and demographics. The Information
Technology Attitude Survey [18] caters to both high school and
undergraduate levels, measuring confidence, interest, gender, use-
fulness, and professionalism. Middle school students are considered
in the Middle School Students’ Attitude to Mathematics, Science,
and Engineering survey [24], covering attitude, knowledge, aca-
demic performance, and engineering discussions. The Pittsburgh
Engineering Attitude Scale-Revised [23] targets undergraduates,
exploring general impressions, financial influences, societal con-
tributions, social prestige, enjoyment, career aspects, and parental
pressure. The Student Attitude Survey [33], administered at the
undergraduate level, investigates problem-solving, technical roles,
financial issues, ethics, environmental impact, sustainability, and
diversity. The diversity of these surveys provides a comprehensive
view of students’ attitudes and perceptions in various educational
contexts in the context of STEM education, however they may not
address or measure constructs that are more prevalent in CS.

2.2 CS Attitudes Surveys
While engineering attitude surveys can provide a more general per-
spective of students attitude towards engineering field as a whole, it

is not clear if all the measured factors will translate into the comput-
ing field, especially since many CS departments do not reside within
a school of engineering. Researchers have developed several specific
CS surveys to focus on the students in the CS pipeline. Ramalingam
and Wiedenbeck investigated the relationship between student
attitudes and self-efficacy and learning how to program [39] by
developing the Computer Programming Self-Efficacy Scale in 1998.
Wiebe et al. [49] created the Computing Attitude Survey based on a
previously developed mathematics attitudes scale [17], to examine
confidence, attitude, male dominance, usefulness and motivation.
Hoegh and Moskal developed the Engineering Students’ Attitudes
toward CS [26] survey which assessed confidence, interest, gender,
usefulness, and professionalism. A group of researchers adapted the
Colorado Learning Attitudes about Science Survey (CLASS) [41]
to design a new instrument called Computing Attitudes Survey
(CAS) [15], to measure novice to expert-like perceptions about
Computer Science and problem solving skills. The survey was later
validated with students in an introductory CS and it is currently
available at its fourth version [13].

Several other validated instruments have focused on other aspect
of the computing field such computational thinking skills scale [32],
programming self-efficacy scale [45] and the development of a
Computer Science Attitudes Scale for middle school students (MG-
CS attitudes) [38]. A recent study has compared student responses in
a CS0 and CS1 course and has shown increased in confidence in CS0
students and an overall initial lack of confidence and fear among
non-majors enrolled in introductory CS classes [27]. However this
study does not use a validated survey and the results are based
on open ended questions and a single Likert-type question that is
asked over the course of a semester to measure confidence over
time. A recent 2020 comprehensive literature review of the existing
instrument in CS education has revealed that many of the existing
surveys are not fully validated [51] and more work is needed to
provide transparent use of surveys and reproducible practices.

For our study, we decided to use the Hoegh and Moskal [26]
survey because of the similarity of the population under the study
which would allow us to re-validate the survey and use it to inves-
tigate the attitude of non-CS majors. While their study specifically
focused on freshmen science and engineering students who have
not declared a major yet, the sample population for the current
study is broader and encompasses any student outside the realm of
CS who completes an introductory CS course (not counted towards
the CS major) and in most likelihood will not become a CS major.
In the following section, we will give details of the survey.

2.3 Engineering Students’ Attitudes Toward
Computer Science Survey- ATCS

Hoegh andMoskal’s Engineering Students’ Attitudes toward CS [26]
survey, called ATCS for the remainder of this paper, assesses confi-
dence, interest, gender, usefulness, and professionalism. In a 2009
paper, Hoegh andMoskal [26] investigated the attitudes of freshmen
science and engineering students toward CS to shed light on factors
that may influence student choice of major and students’ percep-
tions of computer science as a male-dominated field. The authors
developed an attitude instrument with five different constructs:
Confidence(C), Interest(I), Gender(G), Usefulness(U), and Profes-
sional(P). The study reveals a diversity of attitudes among science
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and engineering freshmen students in a Calculus II class regarding
CS. It identifies a spectrum of sentiments, ranging from enthusiastic
interest to potential aversion, suggesting that students’ perceptions
of CS are not uniformwithin these disciplines. The authors find that
students’ prior experiences with CS significantly shape their atti-
tudes. Those who have prior exposure through coursework or other
activities generally express more positive attitudes, highlighting
the impact of early exposure on shaping perceptions. The paper un-
covers gender differences in attitudes toward CS. The paper further
discussed how stereotypes and societal expectations may contribute
to these differences, and emphasizes the importance of addressing
gender-related barriers to foster more inclusive attitudes among all
students. The authors identified challenges in altering negative per-
ceptions. Addressing these challenges requires not only curricular
adjustments but also a concerted effort to create inclusive learning
environments that dispel stereotypes and encourage diverse stu-
dent participation. Hoegh and Moskal emphasized the necessity
of adopting inclusive practices within CS education. This includes
promoting diversity, addressing gender disparities, and creating an
environment that welcomes students from various backgrounds. In
summary, Hoegh and Moskal’s study provided valuable insights
into the attitudes of freshmen science and engineering students
toward CS. The findings help understand the factors influencing
students’ perceptions and suggest strategies for fostering a more
inclusive and positive environment for learning CS within these
disciplines so that a more diverse student population enters the CS
field.

3 Conceptual Framework and Research
Questions

This study is guided by Stephens, Markus and Fryberg’s Socio-
cultural Self Model of Behavior (SSMB) [43]. Building on theories
spanning health psychology, social and cultural psychology, and so-
ciology [2, 5] the SSMB combines individual and structural models
and is based on the argument these two constructs are insepara-
ble and therefore must be analyzed together. The SSMB can be
used to investigate micro- and macro-level factors that contribute
to attitude towards the CS field. Student choices are made within
a larger social and structural environment and barriers faced by
non-CS students may be higher than those of their peers in general
engineering or CS field, and their entry into the major may be
more challenging. Social and structural constructs work together
to understand factors that persuade or dissuade such individuals.
Guided by this theory, we aim to examine the attitude of non-CS
majors. Our research questions are as follows:

• RQ1: What is the underlying factor structure of the ATCS
for undergraduate non-CS majors, and is it reliable?

• RQ2: Do men and women differ in their confidence, interest,
and gender equality perceptions in CS?

4 Methodology
4.1 Population and Participants
The population of interest for the current study was undergradu-
ate non-computer science (CS) majors enrolled in an introductory
CS course at Virginia Tech which is a large R1 institution in the

United States. The CS department at our institution offers 5 intro-
ductory CS courses designed for non-majors: 1) Introduction to
Computational Thinking, 2) Introduction to Programming in C, 3)
Introduction to Programming in Java, 4) Introduction to Program-
ming in Python, and 5) Intermediate Programming in Python. Each
semester, approximately 400 undergraduate students enroll in 1 or
more of these 5 courses to fulfill a general education requirement or
for personal interest. These courses were intentionally selected to
recruit students for the current study because they contain students
from the target population of non-CS students.

Data were collected from 158 students enrolled in at least one
of these courses during the Spring 2023 semester. After data were
cleaned, 24 participants were removed due to missing identification
numbers, duplicate IP addresses, or total survey response times
of <1 minute. This resulted in a sample of 134 participants. Of
these, 6-13% did not respond to some items at the end of the survey,
depending on the item. Listwise deletion was utilized for each
analysis to retain as many participants as possible, and because
data were missing not at random. This resulted in a slightly smaller
sample for some analyses, noted where appropriate in the results.
The demographics for the 134 participants are shown in Table 1.

Table 1: Survey Respondents Demographics

Item Categories # of Respondents (%)
Gender Male 56 (42%)

Female 49 (36%)
Non-binary 4 (3%)
Not-Reported 25 (19%)

Race /Ethnicity White 70 (52%)
URM 40 (30%)
Not-Reported 24 (18%)

Standing Freshman 39 (29%)
Sophomore 40 (30%)
Junior 11 (8%)
Senior 19 (14%)
Not-Reported 25 (19%)

Total 134 (100%)

4.2 Measures
The current study utilized Hoegh and Moskal’s (2009) “Attitudes
Toward CS" (ATCS) instrument [26]. This instrument was selected
because, 1) it measured attitude constructs relevant to the current
research study, and 2) it was developed using a sample of first-year
non-CS majors, which was similar (albeit, not-identical) to the tar-
get population of the current study. The Hoegh and Moskal (2009)
instrument was designed to measure five constructs: "Confidence",
"Interest", "Gender", "Usefulness", and "Professional" in CS educa-
tion. In the current study, we selectively focused on the Confidence,
Interest, and Gender subscales of this instrument to better reflect
the constructs of interest. Confidence is defined as students’ confi-
dence in acquiring skills related to CS and was measured by 8 items;
Interest is defined as students’ interests in CS and was measured by
10 items; and what Hoegh and Moskal (2009) refer to as gender for
clarity we renamed as Gender Equality Perceptions (GEP) which is
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defined as students’ views on CS being a male-dominated field and
was measured by 10 items.

All 28 items were measured on a 1 to 5 Likert-type response
scale, where 1 represented "strongly disagree" and 5 represented
"strongly agree". Four items, five items, and five items were neg-
atively worded on the Confidence, Interest, and GEP subscales,
respectively. Negatively worded items were not reverse-coded be-
fore examining the measurement structure via factor analyses but
were later reverse-coded for reliability analyses and to compute
composite scores for inferential analyses.

4.3 Procedure
Data were collected using a survey created in Question Pro. Partici-
pants were recruited using e-brochures sent by the instructors of
the five introductory CS courses. In addition to the 28 items from
Hoegh and Moskal’s (2009) instrument, demographic information
was collected at the end of the survey. Students who completed the
survey were entered into a drawing for Amazon gift cards. The sur-
vey was administered towards the end of the semester, and aimed to
capture a comprehensive range of experiences and attitude shifts.

4.4 Statistical Analyses
Data were screened and analyzed using Python 3.12 and the Sta-
tistical Package for Social Sciences (SPSS) version 29. The original
Hoegh and Moskal’s (2009) instrument was developed using first-
year students enrolled in a school primarily focused on science and
engineering. Because the current study aimed to collect data from
students across a more diverse group of majors, it was necessary
to re-validate the instrument before examining gender differences.
To examine the research questions, the current study utilized ex-
ploratory factor analysis (EFA) and independent t-tests.

To determine the factorability of data, 3 methods were utilized:
Bivariate Pearson correlation coefficients, the Kaiser Meyer Olkin
(KMO) test [30], and Bartlett’s test of Sphericity [3]. All three meth-
ods indicated data were appropriate for factor analysis (i.e., correla-
tions for items within the same subscale were >|.30|, KMO values
exceeded 0.7, and Bartlett’s test was statistically significant).

To examine the dimensionality of the three subscales (Confi-
dence, Interest, and GEP), exploratory factor analysis (EFA) was
conducted using Principal axis factoring (PAF) separately for each
subscale. PAF, which minimizes the residuals between the observed
and model-implied correlations, was used to reflect the latent na-
ture of the subscales. Bandalos and Finney [1]state researchers
should always use multiple extraction techniques to determine the
number of factors to extract. In the current study, the following
extraction methods were utilized: eigenvalues greater than 1, scree
plot, Cattell-Nelson-Gorsuch objective scree plot, Velicer’s mini-
mum average partial (MAP) procedure [46], and Horn’s parallel
analysis [28]. O’connor’s programs were used to conduct Velicer’s
MAP and Horn’s parallel analyses [37]. We also considered the size
of communalities extracted by the solution, the size and pattern of
factor loadings, reliability estimates per factor, as well as theory and
previous research. Multiple factor solutions were compared, and
when a multi-factor solution was extracted Oblimin rotation was
used to allow factors to be oblique (correlated). Oblique rotation was

justified in this context as the underlying dimensions of measures
in social or behavioral sciences are typically correlated [1].

For the final factor solution, composite scores were created for
each factor by reverse coding negatively worded items, then aver-
aging subscale items within a factor. This placed composite scores
on a 1 to 5 scale, where a 5 reflected high attitudes on the factor.

To examine gender differences on each factor, independent t-
tests were used. The following assumptions were examined for
t-tests: normal distribution (Shapiro-Wilk) and Levene’s test for
homogeneity of variances (HOV). For analyses in which the HOV
assumption was not met, a Welch-Aspen t-test was examined. A
Bonferonni-adjusted alpha value of .0125 was used to determine the
statistical significance of t-tests, keeping familywise type I error at
.05. Cohen’s d values [10] are reported as standardized effect sizes
using benchmarks of 0.2 as small, 0.5 as medium, and 0.8 as large.

5 Results
5.1 RQ1: What is the underlying factor

structure of the ATCS for undergraduate
non-CS majors, and is it reliable?

To examine the dimensionality of the three subscales (Confidence,
Interest, and GEP), EFA sing PAF was conducted separately for
each subscale. Bandalos and Finney [1] state researchers should
always use multiple extraction techniques to determine the number
of factors to extract. Thus, five extraction methods were utilized in
the current study: the following extraction methods were utilized:
scree plot, Cattell-Nelson-Gorsuch objective scree plot, eigenvalues
greater than 1, Velicer’s minimum average partial (MAP) proce-
dure [46], and Horn’s parallel analysis [28].

The scree plot techniques are based on visual inspection of the
eigenvalues to determine the number of factors to extract. Based on
the scree plot and Cattell-Nelson-Goruch’s (CNG) objective scree
plot, the Confidence and Interest subscales were best represented
by 1 factor, whereas GEP could be represented by 1, 2, or 3 factors.
The eigenvalues greater than 1 technique is a mathematically-based
method frequently used in EFA as it is the default in many statistical
software programs. Velicer’s MAP procedure and Horn’s parallel
analysis are statistically-based methods that perform well in simula-
tion studies [1]. Based on eigenvalues greater than 1, Velicer’s MAP,
and Horn’s parallel analysis, 1 factor best represented Confidence
and Interest, whereas 2 factors best represented GEP.

To determine the number of factors to retain we also took into
consideration the size of communalities extracted by the solution,
the size and pattern of factor loadings, reliability estimates per
factor, as well as theory and previous research. In summary, for
the Confidence and Interest subscales, all extraction techniques
suggested a one-factor solution, which was consistent with Hoegh
and Moskal’s (2009) findings and theory.

For the GEP subscale, the extraction methods were inconsistent
with one another, thus 1-factor, 2-factor, and 3-factor solutions were
examined using oblique Oblimin rotation for multi-factor solutions.
The 3-factor solution didn’t make theoretical sense and resulted in
too few items per factor. In all 3 possible solutions, the first factor
extracted contained the 5 positively worded items from the GEP
subscale (i.e., items GEP3, GEP4, GEP8, GEP9, and GEP10). For the
2-factor solution, the 5 negatively worded GEP items loaded on
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Table 2: Pattern coefficients for each subscale

Confidence Interest GEP-10 GEP-5
Item Loading Item Loading Item Loading Loading
C1 0.730 I1* -0.682 GP1* -0.741
C2* -0.651 I2* -0.661 GP2* -0.754
C3* -0.671 I3 0.825 GP3 0.683 0.726
C4 0.764 I4* -0.774 GP4 0.794 0.902
C5 0.659 I5 0.742 GP5* -0.650
C6 0.778 I6* -0.736 GP6* -0.764
C7* -0.809 I7 0.680 GP7* -0.609
C8* -0.771 I8* -0.799 GP8 0.772 0.791

I9 0.660 GP9 0.870 0.900
I10 0.763 GP10 0.818 0.902

n 134 124 116 116
𝛼 0.896 0.919 0.919 0.919
*negatively worded items; n =sample size;
GP=Gender Perceptions; 𝛼 = Cronbach’s coefficient alpha;
Blank cells indicate the item was not included in the analysis.

the second factor. This finding indicates a potential method effect
in which negatively worded items have shared variance due to
the wording rather than the data representing two unique con-
structs. Furthermore, the 2-factor solution exhibited absence of
simple structure (with potential cross-loadings), and omitting 1
or more of the problematic items (GP5, GP7, and GP1) resulted in
pattern coefficients over 1, an ultra-Heywood case, and Cronbach’s
coeffcient alpha increasing if these itesm were omitted.

We determined a 1-factor solution best fit the data for the GEP
subscale and was consistent with theory and findings of Hoegh and
Moskal (2009). Of note, we report two potential solutions for this
GEP subscale, one in which all 10 items load onto a single factor
(labeled GEP10) and anotherwith only the 5 positivelyworded items
included (labeled GEP5). Factor analysis results from this point on
reflect the 1-factor solution all subscales (Confidence, Interest, and
GEP). Results are presented for both the 10-item GEP and the 5-item
GEP.

Table 2 contains the pattern coefficients for each subscale. Of
note, in a 1-factor solution, rotation is unnecessary and both the
pattern and structure coefficients are analogous. All pattern coeffi-
cients were greater than |.60| indicating all items within a subscale
loaded onto a single factor. Table 2 also contains Cronbach’s co-
efficient 𝛼 values representing the internal consistency reliability
for each factor solution. These were all high and approximately
.90 indicating each factor was highly reliable. Alpha if any item
was deleted from the Confidence or Interest subscales, resulted in
decreased reliability estimates, indicating each item contributed to
the overall reliability of the scale. For both the GEP-10 and GEP-5
subscales, coefficient alpha was .919. For the GEP5, alpha decreased
if any items were deleted. Of note, if item GP7 was deleted from
the 10-item GEP factor, reliability increased slightly to .921, indicat-
ing this item may be detracting from the overall reliability of the
GEP-10 subscale.Furthermore, nearly all communalities fell within the desirable
0.40 to 0.70 range, indicating each variable was explained well by
the factor solution [11]. Of note, the communality for item GP7 was

Table 3: Bivariate Pearson correlation coefficients

Confidence Interest GEP-10 GEP-5
Confidence 1
Interest .704* 1
GEP-10 .227* 0.14 1
GEP-5 .250* 0.16 .917* 1
*p<.05 (two-tailed).
GEP-10 = Gender Equality Perceptions 10 items scale;
GEP-5 = Gender Equality Perceptions 5 item scale.

a little low (.371) on the 10-item GEP, indicating the variable may
not have been explained well by the factor solution. Because this
was a negatively worded item, it was excluded in the 5-item GEP,
and thus not problematic. Researchers typically want to explain
at least 50% variance from a factor solution. A one-factor solution
explained 59.16%, 58.42%, 60.32%, and 77.12% of the variance in the
Confidence, Interest, GEP-10, and GEP-5 subscales, respectively.

For the final factor solution, composite scores were created for
each factor by reverse coding negatively worded items, then aver-
aging subscale items within a factor. This placed composite scores
on a 1 to 5 scale, where a 5 reflected high attitudes on the fac-
tor. Table 3. contains the bivariate Pearson correlations between
the factors. Confidence and Interest were highly related (r=.704),
whereas both were weakly related to GEP (r ranging from .14 to
.25). Unsurprisingly, the 10- and 5-item GEP subscales were highly
related (r=.917).

5.2 RQ2: Do men and women differ in their
confidence, interest, and gender equality
perceptions in CS?

Descriptive statistics for gender comparison are presented in Ta-
ble 4. Independent t-tests were conducted to compare men and
women on Confidence, Interest, and GEP (for the 10-item and 5-
item scales). A Bonferonni-adjusted alpha value of .0125 was used
to control for inflation of familywise type I error rates. No statisti-
cally significant differences were found between men and women
on Confidence (p=.116, d=0.310), nor Interest, (p=.102, d=0.322).
Though not statistically significant it is worth noting the effect
sizes were of small to moderate size based on Cohen’s (1988) bench-
marks where men were nearly a third of a standard deviation higher
than women in their confidence and interest in CS. Women were
statistically significantly higher than men on GEP in CS for both
the 10-item (p<.001, d=0.961) and 5-item (p<.001, d=0.837) factors,
indicating women were more likely to believe women were equal
to men in computing competence than men were by almost one
standard deviation. This is considered to be a large effect size based
on Cohen’s (1988) benchmarks.

6 Discussion and future work
The purpose of the current study was to validate an attitudes mea-
sure for an undergraduate sample of non-CS majors. A secondary
interest was to investigate gender differences on these constructs
using the factor analysis results. Factor analysis results were consis-
tent with those found by Heogh and Moskal in which a one-factor
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Table 4: Descriptive and inferential statistics for gender comparisons on subscales

women (n=49) men (n=56)
Mean Std. Dev. Mean Std. Dev. t p (two-tailed) Cohen’s d

Confidence 3.745 0.803 3.978 0.702 -1.58 0.116 0.310
Interest 3.404 0.839 3.656 0.746 -1.65 0.102 0.322
Gender Equality Perceptions (10-items)* 4.888 0.227 4.363 0.717 5.19 <.001 0.961
Gender Equality Perceptions (5-items)* 4.890 0.277 4.340 0.862 4.52 <.001 0.837
*Levene’s test indicated the homogeneity of variances assumption was not met, thus Welch-Aspen t-test for unequal variances is reported.

solution best represented the constructs of Confidence, Interest,
and what we refer to as Gender Equality Perceptions (GEP) in CS.

Of note, the current study provides support for a shortened 5-
item GEP subscale indicating the GEP-5 performed as well as (and
at times better than) the GEP-10. Results indicated the 5 positively
worded items (GP3, GP4, GP8, GP9, and GP10) were sufficient to
measure this construct and that the 5-item subscale was superior to
the 10-item subscale in terms of the percent of variance explained in
the variables (77% compared to 60%), the 5-item factor accounting
for more variance in the items (i.e., higher communalities), and all
items contributing to the overall reliability of the scale. Further-
more, both the 5-item and 10-item GEP subscales had Cronbach’s
coefficient alpha values of .919, also indicating the 5 negatively
worded items may not be necessary to measure the construct. Also
of note, the wording of the 5 negatively worded items is redundant
with the 5 positively worded items in that the wording was just
reversed for each item. Negatively worded items are often used
in survey research to control for acquiescence. However, they of-
ten result in method effects where negatively worded items share
some common variance above and beyond the factor, and thus can
introduce additional measurement error, suggest an artificially in-
flated number of factors, and consequently reduce the validity of
the interpretation drawn from scores. Based on these results, we
recommend researchers use the 5 positively worded items from the
GEP subscale.

As a secondary interest, results from the factor analysis were
then used to examine gender differences for non-CS majors. women
were nearly a full standard deviation higher on both the 10-item
and 5-item GEP subscales (Cohen’s d = .961 and .837, respectively).
This is considered a large effect size in social science research and
indicates women had higher ratings of gender equality in CS than
men did. Though, not statistically significant, descriptively men
were nearly a third of a standard deviation higher in Confidence
and Interest than women (Cohen’s d = .310 and .322, respectively).

As described at the beginning of this paper, there is a large
body of work in literature related to gender gap in CS and lack of
representation [4, 9, 34]. Previous studies have also consistently
demonstrated that women tend to express lower confidence in their
computing skills compared to men [14, 16]. Given the prior work
on this topic, the result of our study is interesting as it indicates
that female non-CS major students may not necessarily feel less
confidence in their ability and they view women as capable of ex-
celling in the CS field. This finding may be further evidence that the
stereotype culture, lack of support and wavering sense of belonging
is more pronounced for students majoring in CS, compared to those

who are non-CS majors and only taking a programming course.
Further analysis is needed to delve deeper into these issues and
explore and compare the perceptions of students.

Findings from this study used convenience sampling, and as such
our results might not be generalizable to all undergraduate students.
However, the characteristics of our students are representative of
typical undergraduate students majoring in CS at large research in-
stitutions in the United States. Furthermore, broadening the survey
audience to include CS majors could offer valuable insights. This
expansion is particularly relevant considering the limited variations
observed in Non-CS majors. Including CS majors in the study could
illuminate potential differences in experiences and attitudes within
this specific academic discipline.

Several potential future directions for this study could signifi-
cantly enhance the depth and accuracy of understanding partic-
ipants’ experiences and attitudes. Future studies should utilized
confirmatory factor analysis (CFA) to examine the factor structure
and provide more validity evidence to these findings. Addition-
ally, validity evidence could be enhanced by examining criterion
validity evidence. Also, using these factors to predict future out-
comes for students may be helpful in providing validity evidence as
well. Another potentially promising avenue is the incorporation of
qualitative data, achieved through interviews with students. This
approach aims to capture nuanced insights that may not be fully
elucidated by quantitative measures alone. For example, conducting
interviews with individuals from these groups could offer a richer
understanding of this discrepancy.

7 Conclusion
In summary, the current study provided strong validity evidence for
1-factor subscales of Confidence in CS, Interest in CS, and Gender
Equality Perceptions in CS. These subscales were found to have
strong factor support and high internal consistency. The researchers
suggest a shortened 5-item Gender Equality Perceptions in CS
may be preferable to Hoegh and Moskal’s (2009) original 10-item
scale. Additionally, women were found to have much higher ratings
(nearly a full standard deviation) of gender equality in CS than men.
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