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Abstract
Despite the projected growth of computer and information technology occupations, many
computing students fail to graduate. Studying students’ self-beliefs is one way to understand
persistence in a school setting. This paper explores how students' disciplinary identity sub-
constructs including competence/performance, recognition, interest, and sense of belonging
contribute to academic persistence. A survey of 1,640 students as part of an NSF grant was
conducted at three South Florida metropolitan public universities. A quantitative analysis was
performed which included a structural equation model (SEM) and a multigroup SEM. The study
examined different groups of students such as male versus female, and freshman versus senior
students. Results suggest identity sub-constructs contribute differently to academic persistence
among freshman and senior students; however, no significant differences were found between
male and female students. The findings, such as the significance of particular aspects of
computing identity on academic persistence, can have implications for educators and college
administration.

1- Introduction
Computer science and modern technologies empower individuals and undoubtedly have a
monumental impact on many areas of society. According to national statistical projections,
computing employment is estimated to increase in the future [1], and will continue to be one of
the most lucrative fields. University education in computer science, computer engineering, and
information technology is providing students with abundant future job opportunities. Although
the lack of a formal computing degree cannot stop young people from securing a lucrative job in
technology, an academic computing degree can be a big advantage for a candidate. Industry
statistics suggest companies and startups are more likely to recruit someone skilled with a
bachelor’s degree [1], [2]. In spite of the increasing demand for computing jobs, computer
science dropouts are still the highest among STEM disciplines [3]. In addition, despite the
emphasis on diversity [3] in technology, the gender gap in computing education and jobs has
worsened over the past 30 years [1], [2], [4].

Prior studies showed that there are many factors involved in students’ academic retention and
persistence such as family background, vision for a career, demographic characteristics,
institutional type, curriculum [5], [6] , classroom related factors, grade performance [7],
friendship support, academic engagement, attitudes, and satisfaction, as well as many more [8],
[9]. Early studies [10] examined the effect of students' characteristics and their interactions on
their persistence. Other researchers [5] studied other factors like career goals and commitments.
These studies are framed using many theoretical frameworks. One such framework is social
cognitive career theory (SCCT) [9], [11]. SCCT was developed to explain how some educational
and career choices are made. SCCT shows the impact of interest and self-efficacy, learning
experiences, personal inputs and environmental influences on choice actions, persistence and
satisfaction.
Likewise, disciplinary identity theory [12], [13] describes how students’ perceived feelings of
their competence/performance, recognition, interest, and sense of belonging form their identities.



In this framework (Figure 1), identity has been defined using four sub-constructs including
competence/performance, recognition, interest, and sense of belonging [14]. Student interest is
defined by their engagement with respect to a topic. Competence/performance refers to a
student’s self-confidence in understanding a particular topic and feeling accomplished (or able to
become accomplished) in that topic. Recognition is defined by measuring the internalized
feelings of recognition of a student when he/she communicates with his/her teacher, family
members, or friends. Sense of belonging relates to a student’s feelings of belonging to a
community or group related to the topic and discipline. In the past, researchers studied identity
theory and its impact on various disciplines including mathematics, physics, and general science
students [15], [16]. They also examined the effect of identity sub-constructs on choice of careers
[13], [17]. In general, computing identity is not defined as just being good at a computing-related
test or homework; it is defined by a student’s interest and the other previously mentioned self-
beliefs in computing.

Figure 1: Disciplinary identity sub-constructs including competence/performance, recognition,
interest, and sense of belonging

Due to the lack of rigorous research on the identity sub-constructs in computing education, in
this paper, we concentrated on students’ identity self-beliefs and their impacts on persistence.
For this purpose, we designed a survey, and a quantitative research study as part of the Florida IT
Pathways to Success (Flit-Path) NSF grant. The Flit-Path grant supports student scholarships,
curricular/co-curricular activities, and research studies on evidence-based practices on
persistence, success, and graduation in IT-related and computing disciplines. A survey was
designed and conducted, and a multi-group SEM was performed to further investigate diverse
demographics and contexts such as gender and level of school education.

2- Theoretical framework
This study is guided by two theoretical frameworks. Disciplinary Identity theory was the main
driving theory, and social cognitive career theory was used to understand some of the results.
Identity has been a topic of particular interest in psychology, philosophy, and social science since
the 1900s [18], [19]. Identity has been defined in many different ways but it is usually closely
tied with a simple, yet complicated question: “who are you?” [20], [21]. A person may identify
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in a variety of ways and hold several different roles in his/her daily life such as female, student,
sister, and wife. In 2000 [22], identity was framed as an analytic lens for research in education
and was defined by Gee as “being recognized as a certain kind of person in a given context”
(p.99). Gee described the characteristics of identity based on social and cultural views.

In 2007, Carlone and Johnson [12] conducted a qualitative research study and developed a
framework for STEM and science education. This model included performance, competence,
recognition of self, and recognition by others. They provided evidence that identities are formed
and developed in practice and that identity is not solely constructed by an individual. They did
not have interest as a sub-construct since they studied scientists who already were successful and
interested in science. When we consider students in a classroom, their interest level may vary
and play a vital role in their identities.

In 2010, researchers [13] developed a theoretical framework that measured identity across
physics and mathematics students. They followed up with several case studies trying to
understand how identity development occurs, how students conceptualize identity and how to
quantify thinking around identity [23]–[25]. They defined disciplinary identity as how a student
identifies himself/herself with respect to a specific discipline, for example, when a student
mentions he/she sees himself/herself as a “computer person.” Also, they theorized that the
competence/performance sub-construct was a more appropriate sub-construct for identity
compared to self-efficacy since it covers a broader range of students' beliefs in accomplishing
things, and is not limited to a specific task [13], [17].

What prior scholars developed as a model allowed other researchers to predict students’ choices.
Choices can include taking a class in the next semester, decisions to persist, and even future
career intentions. Other researchers [15]–[17], [26] conducted additional identity studies to
further explore the identity development for different genders. They examined gender as a
specific identity to investigate the intersection of having a physics identity and an identity as a
female. They also found that students’ math and physics identities are significant factors and
predictors of their engineering identity.

The research questions guiding this work are: 1) how do the identity sub-constructs contribute to
the academic persistence of computer science students who are male versus female? 2) how do
the identity sub-constructs contribute to the academic persistence of computer science freshman
versus upper-level undergraduate students? To address the research questions, we conducted a
survey and performed a mutigroup SEM.

3- Methodology
In order to answer the research questions, a quantitative research method was utilized for this
study. After the IRB approval, a survey was administered to students in information technology
(IT), computer science (CS), and computer engineering (CE) at three South Florida metropolitan
public universities (Florida International University (FIU), University of Central Florida (UCF),
and University of South Florida (USF)).  The survey consisted of 22 questions that included
demographics, students’ intention to pursue a CS career, students’ intentions to persist to a
bachelor’s degree in computing, as well as items measuring constructs related to their identities.



For the purpose of this study, persistence refers to the willingness and the continuation of an
effort to graduate with career intentions in computing-related areas.
The constructs included computing competence/performance beliefs (two items), computing
recognition (three items), computing interest (two items), and sense of belonging (two items)
(factor loadings >0.5) (Table1) [27].  These items were drawn from previously validated and
reliable instruments in engineering and science.  However, the reliability and validity of the
constructs were further tested including establishing face, content, and construct validity.  Face
and content validity were established through pilot testing with 95 students and focus groups.
Construct validity was established through factor analysis.  Internal consistency (reliability) was
assessed using Cronbach’s alpha with all constructs having a reliability greater than 0.7 [23],
[25], [27].  Survey questions consisted of Likert scale, multiple choice, and categorical questions.

In total, 1640 survey responses were collected in Fall 2017 including 78% male and 22% female
respondents.  In terms of year in college, 37% were 4th year or more, 27% were 3rd year, 13%
were 2nd year, and 23% were 1st year.  For students’ race and ethnic identities, there were 31
students who identified as American Indian/Alaska Native, 254 Asian students, 198
Black/African American students, 505 Hispanic students, 40 Middle Eastern/North African
students, 11 Native Hawaiian/Other Pacific Islander students, 857 White students, and 41 other
race/ethnicity students.

To examine the contribution of the identity sub-constructs on computing persistence we utilized
a structural equation model analysis. In SEM both latent and observed variables can be evaluated
simultaneously [28]. The final SEM model was based on a theoretical understanding of identity
and persistence. In addition, our experiences of working in a computing academic setting and
working with computing students for several years added more perspective and insight into our
analysis. For running the SEM, we first performed a confirmatory factor analysis (CFA) to
assure the measurements for this model were valid. All factor loadings were within the
acceptable range (>0.5) [27], [29]. After factor analysis, the relationships among latent variables
including competence/performance, recognition, interest, sense of belonging, and computing
persistence were evaluated. The model fit was measured and validated accordingly. We handled
the missing data using the maximum likelihood approach [27] which utilizes all the information
into the analysis and provides an unbiased parameter estimation [27]. The whole analysis was
performed in R using the SEM and Lavaan package [29], [30].

After we completed the basic SEM analysis, we compared the model for different groups
including male and female students, and freshman and senior students (multigroup SEM). For
this purpose, we performed the model invariance test to identify significant differences between
groups. For the invariance measurement testing, all of the factor loadings and regression
coefficients in our measurement/structural model were constrained to be equal. Then, we
unconstrained one path at a time to determine which paths are significantly different. First, we
focused on gender dynamics across all paths including measurement and structural coefficients.
A Chi-square difference test was established to see if the difference was significant (p < 0.05)
[27], [30]. After comparing the model between males and females, we analyzed senior students
versus freshman students with the same approach to investigate the differences.



4- Results
Our results include a CFA, an SEM analysis and multigroup SEM across groups. We first
describe the CFA results, and then we focus on the SEM and mutigroup SEM. The CFA results
(Table 1) show that our measurement model fit the data. It indicates that the theorized sub-
constructs are well-measured and our measurement model shows that the selected measurement
variables represent the latent variables. The RMSEA or the “root mean square error of
approximation” value was 0.056. The GFI or “Goodness of fit index” value was 0.976. The
AGFI or “adjusted goodness of fit index” value was 0.955. SRMR or “standardized root mean
square residual” value was 0.026. The NNFI or “non-normed fit index” value was 0.978. All the
relevant fit indices were within the acceptable ranges which indicates that the measurement
model (i.e. survey items indicating latent identity sub-constructs) was well fit. While the Chi-
square was significant (214.733, df = 35), this is not an issue since a significant Chi-square for a
large sample size does not indicate a weak fit [27].

Table 1: List of variables in this study, and Confirmatory Factor Analysis (CFA) results.
Acceptable values: Item reliability > 0.50, Construct reliability > 0.70, Average variance
extracted > 0.50

Latent
variable

Indicator variable Standardized
factor
loading

Standard
error

Item
reliability
(R2)

Construct
reliability

Average
variance
extracted

q9j: Topics in computing excite
my curiosity

0.877 0.020 0.769 0.927 0.808

Interest q9l: I enjoy learning about
computing

0.948 0.017 0.899

q9m: I like to know what is going
on in computing

0.87 0.019 0.757

Performance/
q9h: I can do well on computing
tasks

0.864 0.025 0.746 0.875 0.778

Competence q9i: I understand concepts
underlying computer processes

0.9 0.024 0.810

q9a: I see myself as an exemplary
student in computing fields

0.843 0.021 0.711 0.885 0.719

Recognition
q9c: Other students see me as an
exemplary student in computing

0.852 0.021 0.726

q9d: My teachers see me as an
exemplary student in computing
fields

0.849 0.021 0.721

Sense of
q10a: I feel like you are part of
the community

0.885 0.026 0.783 0.869 0.768

Belonging q10b: I feel valued and respected 0.868 0.025 0.753



Furthermore, the CFA results confirm that individual and overall reliability of our underlying
constructs are within the acceptable ranges [27], [31]. The squared multiple correlation
represents the reliability of an individual measure. The average variance extracted (AVE) values
were within acceptable ranges [27], [31]. In addition, this measure is used for the convergent and
discriminant validity. Convergent validity and discriminant validity are subtypes of the construct
validity. Convergent validity along with factor loading is used to show that two items measuring
a construct are related. Discriminant validity is used to show that there is no relation between
two items which are not from the same construct.

4.1- Multigroup SEM results across genders
As we described, 1) we performed the CFA, and we built the SEM model based on the prior
literature, our experience and understanding of the computing students’ self-beliefs on
persistence. 2) Then, we validated the model with the fit indices. 3) Next, to answer the research
questions, we established the multigroup SEM (Figure 2, 3) to validate the model for different
groups. 4) Finally, we performed an invariance measurement test to examine the statistically
significant difference between groups.

Figure 2. Multigroup Structural equation modeling results among male and female students. GFI:
goodness of fit; AGFI: adjusted goodness of fit; RMSEA: root mean square error of
approximation; SRMR: standardized root mean square residual; NNFI: non-normed fit.
(Acceptable values: GFI (p>0.90), AGFI (p>0.90), RMSEA (p<0.08), NNFI (p>0.90), SRMR
(p<0.08)). No significant difference was found between male and female students.

N = 1611
Model = 275.012
GFI 0.995
AGFI 0.989
RMSEA 0.058
SRMR 0.027
NNFI 0.976

Df = 74

* indicates p-values > 0.05.

All other path are significant p < 0.001.
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The measurement invariance test was based on the modification indices. We built the model by
allowing all the factors and regression coefficients to be constrained equally. We released each
path one at a time, and examined the Chi-squared distribution. Due to a non-significant
difference across genders, we concluded that the equally constrained model is similar to the
unconstrained model. Therefore, there was not a significant difference between males and
females on the path coefficients. In general, interest and competence/performance beliefs each
had a substantial direct effect on persistence. This indicates that maintaining interest is likely the
most crucial factor in computing persistence (factor loading of male=0.438 and female=0.494).
Competence/performance had a substantial impact on persistence both directly and indirectly
through interest (factor loading of male=0.386 and female=0.295). The structural model also
indicated the importance of recognition on persistence indirectly through interest (factor loading
of male=0.290 and female=0.375). This means recognition predicted interest and impacted
persistence through interest. Finally, the model also showed the importance of a sense of
belonging on persistence which is mediated by indirect paths through competence/performance
(factor loading of male=0.580 and female=0.544). This shows that feeling a sense of belonging
may increase one’s competency beliefs.

Figure 3. Multigroup Structural equation modeling results among freshman and senior students.
GFI: goodness of fit; AGFI: adjusted goodness of fit; RMSEA: root mean square error of
approximation; SRMR: standardized root mean square residual; NNFI: non-normed fit.
(Acceptable values: GFI (p>0.90), AGFI (p>0.90), RMSEA (p<0.08), NNFI (p>0.90), SRMR
(p<0.08)).

N = 971
Model = 202.752
GFI 0.995
AGFI 0.989
RMSEA 0.060
SRMR 0.028
NNFI 0.973

Df = 74

* indicates p-values > 0.05.

All other path are significant p < 0.001.

Indicates significant difference between groups.

Indicates non-significant difference between groups.
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4.2- Multigroup SEM results across level of education (freshman/senior)
For senior students versus first-year students, we performed the same analysis. We discovered
some interesting paths and then conducted the measurement invariance test to determine whether
the paths were significantly different between groups. Due to the significant difference of the
constrained and the unconstrained model, we concluded that the model was not equivalent for
both groups, and there is a significant difference (Figure 3). The difference between freshmen
and seniors was for the path between recognition and interest (F = 0.143, S = 0.327). There was
not a significant difference for the other paths between freshman and senior.

The influence of interest on persistence was strong for both groups (p<0.001) (F = 0.526, S =
0.334). The other interesting paths were the path between a sense of belonging and
competence/performance (p<0.001) (F = 0.590, S = 0.572), and the path between
competence/performance and interest (p<0.001) (F = 0.467, S = 0.410). Although all sub-
contracts directly or indirectly predict persistence, for both freshman and senior students, interest
was the most critical contributor to their persistence.

5- Discussion
Our SEM analysis showed that interest had the most direct impact on computing students’
persistence for all categories including male, female, freshman and senior students (p<0.001).
After interest, competence/performance had the most direct effect on persistence (p<0.001). The
impact of interest and competence/performance on persistence and the relation between interest
and competence/performance have been shown in prior studies [11], [13], [23]. Our results
confirm the findings of prior research studies. Recognition also had an impact on persistence
through interest. As an example, if a student is recognized and conceptualizes a feeling of
recognition, he/she is more likely to develop or maintain an interest in computing and persist
throughout their degree program.

Sense of belonging had a significant impact on competence/performance. This path is exciting as
it is the strongest path in this model. In 2012, a study [32] indicated a lack of belonging had been
identified as an essential reason for engineering dropouts. Tinto also mentioned that sense of
belonging was one of the impactful factors on academic persistence [6], [7]. As an instance,
when a student joins to a computing group/community, he/she may start communicating with
peers and friends, and realize that his/her own skills and struggles are comparable to others, thus,
lending to his/her own competency beliefs. Besides, by participating in computing communities
and clubs, not only can students learn new computing tools and methods, but he/she also
develops a feeling of support which consequently may increase his/her competency beliefs.

The male/female multigroup SEM analysis showed that the model was equivalent for both males
and females and there was no significant difference. Thus, we addressed the first research
question which was the identity sub-constructs contribution to the academic persistence among
male and female students. These results indicated that women in computer science at the target
universities may have developed their interest, competence/ performance and consequently
identity, similar to the men in their respective programs. The STEM/computing programs in
these schools may have had a substantial impact on developing students identities.



The freshman/senior multigroup SEM analysis in addressing the second research question
showed that there was a significant difference between these two groups. The measurement
invariance test showed a significant difference for the path between recognition and interest. The
other structural paths were not statistically different. The relationship between recognition and
interest indicates that providing sources of recognition is an effective way to increase interest and
persistence. Students’ interest is a good predictor of persistence for both groups. This outcome
also explains the importance of extra activities, and engaging courses in their degree programs
[33], [34].

In general, the analysis showed that although male and female students have developed the same
beliefs, students in different levels of their college education may have different predictors. For
university staff and professors in computing who are involved in teaching and organizing events
or managing programs, understanding the importance of developing self-beliefs is valuable.
They can help students as soon as a student starts his/her degree program. This may increase
students’ persistence toward graduation in university and eventually, toward a successful career
in computing.

In our model, considering some specific relationships are vital; for example, interest, sense of
belonging, and recognition can be considered priorities. Instructors can engage students and help
them by recognizing them as a programmer, computer engineer, computer scientist, software
engineer and so on [35], [36]. They can use any opportunity to recognize students by celebrating
a student who has worked hard in gaining more knowledge and experience. This can be verbal,
or by writing a note or email, or even by awarding a certificate of achievement [37], [38]. It is
essential that students internalize the recognition that ultimately reinforces and shapes their own
identity [39]. Educators also can increase interest as the intrinsic motivation for learning in class
or at school by making topics relevant to real-life problems and future careers [40]. They can
make the classroom a space of engagement with gamification [41]–[43], competitions,
teamwork, and having fun in a way that encourages meaningful learning and students’
participation [44]. One practical approach may be to realize what students are already interested
in and then connecting the teaching material to topics that already build upon existing interests
[45], [46].

Furthermore, administrators and staff can positively help students by organizing computing
events and clubs like the Association for Computing Machinery (ACM), Upsilon Pi Epsilon
(UPE) to promote the sense of belonging at school. Communities which often organize
hackathons, coding bootcamps, and programming/engineering competitions are useful in
increasing the sense of belonging and persistence in computing programs. Sense of belonging not
only has an impact on identity and persistence, but it also helps students feel happier, and it
encourages them to have a positive relationship with both friends and teachers [47], [48].
Instructors and professors can also play an important role in improving the sense of belonging in
the classroom by being respectful, creating a supportive learning environment, creating mutual
respect among classmates, and fair treatment [49]–[51].

What a student experiences in an academic setting clearly impacts his or her behavior and
choices, in particular, if those choices enable students to build a feeling of identity or belonging
to the community. We confirmed that developing computing identity has a positive impact on



persistence; but understanding the persistence factors in computing across time have not been
well studied. A future longitudinal research study may help us to discover new insights.  Our
future work seeks to perform a time-series SEM analysis to evaluate how the identity sub-
constructs and persistence interact over a prolonged period of time. In addition, there are many
factors that affect a student’s persistence such as prior academic performance, family support,
and education level of parents which are not included in this study since this research is focused
on the identity sub-constructs’ contributions to persistence. In our future work, we will include
other factors in our analysis.

6- Conclusion
While approximately sixty percent of all available STEM jobs are in computing, the total
numbers of computing graduates are among the lowest. Many students drop out or switch to
other majors due to a lack of interest or other self-belief factors. The issue is more critical for
gender diversity and for students in different levels of education. Students computing identity or
the way students see themselves with regards to computing is directly related to their choice of
actions. Studying students’ self-beliefs is one way to better understand what leads students to
persist. This paper presents a multigroup structural equation model to examine the contribution
of identity sub-constructs that include competence/performance, recognition, interest and sense
of belonging to the persistence across groups.

In answering the first research question, we reviewed and analyzed the interesting paths between
females and males. There was not a significant difference across male and female students. To
address the second research question, we found that there are differences between senior students
and first-year students, and the differences are significant. In other words, the results of
multigroup SEM analysis showed that the identity sub-constructs are equally predictive of
persistence for men and women, while not equally predictive for freshmen and seniors.

Finally, our results showed that all the sub-constructs to some extent have a significant impact on
increasing persistence. Interest in this model is the vital component for increasing computing
persistence. Fostering the activities that contribute positively to self-beliefs of
competence/performance, recognition and a sense of belonging directly/indirectly have an
impact on both interest and persistence. We also had two full mediation paths including the sense
of belonging through competence/performance and recognition through interest. These
correlations indicate that if students do not feel competent or interested at first, feeling
recognized or like they belong could be a first step to their becoming interested and feeling
capable. Measuring the quantitative impact of the identity sub-constructs on persistence among
genders and college levels in computing may have some implications in better understanding a
students’ identity. This may increase the likelihood of their persistence in their degree program.
Finally, the analysis across groups helps to explore the diversity gap in tech and computing
education.
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