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ABSTRACT Student attrition is a long-standing problem in Computer Science (CS), as in many other
disciplines, and it has gained momentum in the academic sphere. This study employs bibliometric analysis to
shed light on the research stream of student attrition within CS. Bibliometric analysis is a popular technique
for evaluating published scientific articles when empirical contributions are producing voluminous research
streams. We collected 1310 articles from the Web of Science and Scopus databases, published over a period
of 22 years from 2000 to 2022, to analyze the most relevant publication venues in the study of attrition in CS.
Further analysis revealed the most cited institutions, countries, key themes, and other conceptual information.
Keywords, such as “retention,” ‘“‘computer science education,” “‘gender,” ‘‘introductory programming,”’
and “‘student success” emerged as dominant themes in attrition studies. As researchers work intensively to
reduce attrition within CS, these thematic areas may continue to shape the future direction of attrition studies.
Our study provides a comprehensive overview of research hotspots, thematic areas, and future directions for
attrition studies in CS. This outcome could be valuable for young and emerging scholars who are starting
their careers and looking to identify research hotspots in this field of interest.
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I. INTRODUCTION

Within Computer Science (CS), student attrition continues
to be a long-standing problem and remains a significant
challenge for the major [1], [2], [3], [4]. Student attrition
affects institutions of higher learning globally and can be
damaging to their reputation [5], [6], [7]. Several significant
reasons have emerged for the high rate of attrition within
CS: poor project management skills, lack of understanding
of the material, not identifying with the career path, cul-
tural issues, lack of assistance and feedback, poorly designed
courses, personal problems, and more [8], [9], [10]. As a
result, CS education researchers have extensively studied this
problem, using various tools and techniques to make early
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interventions before students drop out. However, academic
publications on this topic are growing exponentially.
Researchers have applied quantitative, qualitative, or mixed
methods to understand attrition [11], [12], [13], [14]. For
example, Kinnunen and Malmi [8] performed a quantitative
survey to understand root causes behind attrition in CS.
Sharmin [15] examined the potential of teaching creativity
as a skill for retaining undergraduate students in CS. The
study explored Keller’s Attention, Relevance, Confidence,
Satisfaction (ARCS) motivational model [16], which advo-
cates for open-ended assignments, collaborative learning,
and other strategies to reduce attrition. A recent review
advocated for diversity in computer science programs as a
means of reducing attrition [1]. The study noted that tackling
attrition issues is necessary to increase diversity. Despite the
impact of these studies, bibliometric analysis can provide a
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systematic and reproducible background of this topic. Given
the overwhelming amount of literature on this topic and
various intervention strategies and techniques, bibliometric
analysis is useful in presenting findings related to the theme
of the study, trends over time, the most prolific scholars and
institutions, and the perspective of different countries [17],
[18], [19], [20].

According to Godin [20], bibliometric analysis is a sub-
field that measures the output side of science. Bibliometric
methods have been used in various forms, and are often
used interchangeably with broader terms, such as scien-
tometrics or infometrics [21], [22], [23], [24]. Bibliomet-
ric analysis is becoming a popular method for providing
quantitative descriptions of published articles [22], [23],
[25]. This method has found applications in several areas,
such as CS education [18], [26], medical [27], [28] and
engineering [29], and international entrepreneurship [30].
It uses statistical and geometrical methods in diverse anal-
ysis and mapping tools to measure knowledge domains.
These tools are primarily used on bibliographic databases,
such as Google Scholar (GS), Microsoft Academic (MA),
Web of Science (WoS), and Scopus [17], [31]. Addition-
ally, these tools require little or no programming skills to
use [17]. Most of these tools exist to analyze the impact
of a scientific topic and its structure, while some are no
longer maintained [17], [32], [33], [34]. Examples include
Bibliometrix R-package [17], SciMAT [32], and
CitNetExplorer [35], VOSviewer [33], [34], [36].

Our analysis shows that publications on CS attrition
are growing exponentially. To the best of our knowledge,
no study has examined bibliometric analysis to analyze trends
of publications and research constructs in this area, especially
using the Scopus and Web of Science databases. Our study
provides a blueprint for young and emerging researchers
who want to focus their research on attrition in CS studies.
By analyzing publication trends, collaborative networks, and
popular keywords in this domain, our study can provide use-
ful information to these scholars. Therefore, our study aims
to answer the following questions:

RQ1 What is the number of publications on this topic
over the past twenty-two years?

RQ2 Which are the top publication venues on this topic?

RQ3 How has the keyword usage grown over these
years?

RQ4 What are the commonly used themes in studies on
student attrition within computer science?

RQ5 What are the commonly used keywords by authors
in this research field during this period?

These questions aim to provide insights to deepen our
understanding of attrition research within the computer sci-
ence discipline, identify commonly used keywords in this
field, and highlight gaps to be addressed in future studies by
young and emerging scholars. The remainder of this study is
organized as follows: Section II presents the methods used in
this study, Section III presents the results of the bibliometric
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analysis, Section IV discusses the results, and Section V
concludes the study and suggests areas for future research.

Il. METHODOLOGY

Bibliometric analysis was the chosen technique for this
study, and the recommended workflow for scientific mapping
process by Aria and Cuccurullo [17] and Agbo et al. [18]
was employed. The Bibliometrix package and the
biblioshiny function in the R programming language
were used for the quantitative analysis tasks, and the
VOSviewer software was used to create and visualize the bib-
liometric structures. The methodology workflow is presented
in Figure 1.

A. DATA COLLECTION AND EXTRACTION

Table 1 presents the selection criteria for articles contained
in this study. We extracted data from two popular databases:
Clarivate Analytics Web of Science (WoS) and Scopus, which
contained millions of records. We limited our scope to articles
published between January 1, 2000 through December 29,
2022, and we did not restrict the document type to any
specific type. We used Boolean queries with keyword
terms related to computer education, computer science, and
computer engineering, as well as retention, attrition, stu-
dent retention, drop-out prevention, student success, sup-
port strategies, and student integration, as shown in Table 1.
Finally, we restricted our set to include only articles written
in English. Our final set comprised 1310 articles including
journals, conference proceedings, book chapters, and other
electronic sources authored by 3143 individuals. A summary
of the search results is presented in Table 2.

B. DATA ANALYSIS

The data analysis is divided into three phases. The first phase,
descriptive analysis, involves summarizing and displaying
the bibliographic data, which typically includes information
about the articles, such as the author, publication date, jour-
nal, and keywords. The purpose of this phase is to gain a
general understanding of the data and to identify any trends or
patterns that may emerge. The second phase, network analy-
sis, involves creating co-occurrence and co-citation networks
to explore the relationships between the different articles and
keywords. Co-occurrence networks display the frequency of
appearance of different keywords or terms in the same article,
while co-citation networks show the frequency of appearance
of two articles in the same study. These networks help identify
clusters of related articles and keywords, which can be use-
ful in identifying research trends and areas of interest. The
third phase, normalization, involves generating a similarity
measure of the attrition dataset [17].

We used two measures to calculate the similarity between
different sets of articles: Jaccard’s coefficient and Salton’s
cosine. Jaccard’s coefficient and Salton’s cosine are two
similarity measures commonly used in bibliometric analysis
to assess the similarity between two sets of items, such as
articles or keywords [37], [38], [39]. Jaccard’s coefficient
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FIGURE 1. The bibliometric scientific mapping process [17].

TABLE 1. Selection criteria of the publications.

Criteria

Value

Source
Search keywords (WoS)

Search keywords (Scopus)

WoS & Scopus

(“Comput* education”) AND ( “Retention” OR “Attrition” OR “Student retention” OR “Drop-out
prevention” OR "Student success” OR "Support strategies” OR “Student integration” ) OR (TOPIC) (
“Comput* science” ) AND ( “Retention” OR “Attrition” OR “Student retention” OR “Drop-out prevention”
OR “Student success” OR “Support strategies” OR “Student integration” ) ) OR TITLE-ABS-KEY (
“Comput* engineering” ) AND ( “Retention” OR “Attrition” OR “Student retention” OR “Drop-out
prevention” OR "Student success” OR "Support strategies” OR "Student integration” )

( TITLE-ABS-KEY ( ( “Comput* education” ) AND ( “Retention” OR “Attrition” OR “Student retention”
OR “Drop-out prevention” OR "Student success” OR "Support strategies” OR “Student integration” ) ) OR
TITLE-ABS-KEY ( ( “Comput* science” ) AND ( “Retention” OR “Attrition” OR “Student retention” OR
“Drop-out prevention” OR “Student success” OR “Support strategies” OR “Student integration” ) ) OR
TITLE-ABS-KEY ( ( “Comput* engineering” ) AND ( “Retention” OR “Attrition” OR “Student retention”
OR “Drop-out prevention” OR "Student success” OR "Support strategies” OR "Student integration” ) ) )

Search start date
Search end date
Document type
Language

Number of articles

January 1, 2000
December 29, 2022
Multiple sources
English

1310

is defined as the size of the intersection between two sets
divided by the size of the union of the two sets:

sy =108 (1)
" T JAUB|
where:
A=x1,x3,x3,...,xawherex; e Uandi=1,2,...,n

B=y1,y2,y3,....,ymwWhereyje Uandj=1,2,...,m

For example, Jaccard’s coefficient can be used to mea-
sure the similarity between two sets of articles based on
the keywords they contain. If set A contains articles that
include the keywords “diversity”’ and ““attrition”, and set B
contains articles that include the keywords “inclusion” and
“persistence”, the Jaccard’s coefficient between A and B
would be:

JA,B) =
| “diversity’, “attrition” N “inclusion”, “persistence” |

| “diversity”, “‘attrition” U “inclusion”, “‘persistence” |

0
:Z:0 ()
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Another similarity measure is the Salton’s cosine that takes
into account the frequency of occurrence of each item in the
two sets. It is a similarity measure between two non-zero
vectors in an inner product space:

S(A, B) == 2i—1(ai - bi)
JELi@) S

3

where:

a; : represents the frequency of keyword i in set A.
b; : represents the frequency of keyword i in set B.

For example, Salton’s cosine can be used to measure the
similarity between two sets of articles based on the frequency
of occurrence of specific keywords. If set A contains arti-
cles that mention the keyword “diversity” 10 times and the
keyword ““attrition” 5 times, and set B contains articles that
mention “‘diversity” 8 times and “inclusion” 6 times, the
Salton’s cosine between A and B would be:

Set A: A=ay, ap, where a; represents the frequency of
“diversity” in set A, and a; represents the

frequency of “attrition” in set A.
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TABLE 2. Main Information about the attrition studies dataset.

Description Results
Basic Information

Period 2000:2022
Type of Source: Journal, conferences, books etc 416
Document 1310
Average years from publication 9.03
Average citations per documents 9.918
Average citations per year per document 0.9442
References 27350
Type of document

Journal 232
Conference Paper 1029
Book Review 27
Note 1
Retracted 2
Review 19
Content of document

Keyword plus 5054
Author’s Keywords 2415
Authors

Authors 3143
Author Appearances 4158
Authors of single-authored documents 156
Authors of multi-authored documents 2987
Authors Collaboration

Single-authored documents 212
Document per Author 0.417
Authors per Document 2.4
Co-Authors per Documents 3.17
Collaboration Index 2.72

Set B: B = by, by, where b; represents the frequency of
“diversity” in set B, and b, represents the
frequency of ““attrition” in set B
Given values:

a1 = 10 (frequency of “diversity” in set A)

ay =5 (frequency of “attrition” in set A)

b1 = 8 (frequency of “diversity” in set B)

by = 6 (frequency of “inclusion” in set B)

Now we can substitute these values into the Salton’s cosine
similarity formula:

2
Z(Cli - bj)
Salton’s cosine similarity = = )
2 2
NONCARNDINCD
i=1 i=1
Substituting the given values:
(10-8)+(5-0)
= (5)
V(10%) + (52) - V(8%) + (62)
80
= (6)
/100 4+ 25 - /64 + 36
_ 80 o
~ V125 -4/100
80
= 8
11.18 - 10 ®)
_ 80 ©)
T111.8
~ 0.716 (10)
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Therefore, the Salton’s cosine similarity between sets A
and B is approximately 0.716. Both Jaccard’s coefficient and
Salton’s cosine can be used to measure the similarity between
sets of items, but they have different strengths and weak-
nesses depending on the nature of the data being analyzed.
These measures help identify similarities and differences
between different articles, which can be useful in identifying
patterns and trends in the data.

C. DATA SYNTHESIS AND VISUALIZATION

Several diagrams were used to analyze and visualize the
data, including histogram, maps, dendrogram, wordcloud,
and treemap plots. These tools are commonly used in data
analysis and visualization to help identify patterns and trends
in the data and to communicate findings. One tool that was
specifically used in this work is VOSviewer [36], which is
a software tool for constructing and visualizing bibliomet-
ric networks. VOSviewer can be used to create keyword
co-occurrence networks, which can help identify the main
topics and trends to understand the trends of publications on
attrition in computer science education.

Ill. RESULTS

This section presents the results of the analysis of data
extracted from WoS and Scopus. The results include infor-
mation on the number of documents, author information per
document, article time-span, and commonly used keywords
in attrition studies in the field of computer science.

A. TEMPORAL VIEW OF PUBLICATIONS

According to Section II-A, a total of 1310 articles focusing on
students’ attrition in computer science education, published
between 2000 and 2022, were considered. Figure 2 demon-
strates that publications steadily increased from 2018 with
an annual growth rate of 10.5%, but then the rate of growth
flattened in 2020. Notably, 114 articles were published in
2020, followed by 113 in 2019 and 111 in 2021. There was
a slight drop from 2021 to 2022, and we are unsure whether
this was due to the impact of COVID-19.

B. IMPACT ANALYSIS

This section presents an impact analysis that measures the top
publication venues for both journals and conferences. Addi-
tionally, we present the top twenty published institutions and
the prominent countries where these institutions are located.
The following sections provide a summary of the impact
analysis.

1) TOP 10 MOST RELEVANT JOURNALS AND CONFERENCES
The top 10 popular publication venues are presented in
Table 3 and Table 4. From Table 3, the Elsevier Com-
puters and Education journal appeared to be the top-ranked
journal during the selected period considered in this study.
This is closely followed by the ACM Transactions on Com-
puting Education, the IEEE Access, and the Education and
Information Technologies. For conference proceedings, the
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FIGURE 2. Time-plan of articles published between 2000 to 2022.

TABLE 3. Top ten journals.

b
9
<]
=

Source

Elsevier Computers and Education

ACM Transactions on Computing Education
IEEE Access

IEEE Transactions on Education

Taylor and Francis Computer Science Education
Journal of Computer Assisted Learning
Education Technology and Society

IEEE Transactions on Learning Technologies

0 Education and Information Technologies

= O NN kW~

top ranked was the IEEE Frontiers in Education Confer-
ence (FIE), followed by the American Society for Engineer-
ing Education (ASEE) Annual Conference, and the ACM
Symposium on Computer Science Education (SIGCSE).
We observe that majority of the sources are devoted to com-
puting and engineering education studies.

2) TOP TWENTY MOST PUBLISHED INSTITUTIONS

In relation to the top twenty most published institutions as
shown in Table 5, we have observed that Arizona State
University has the highest number of published articles with
44, followed by the University of California and Purdue
University with 32 and 31 published articles respectively.
Florida International University, Lamar University, and the
University of Maryland are the last three institutions in the
top twenty list. US institutions dominated the attrition studies
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Year

list of universities, followed by Canada. In general, the list
indicates that academic institutions in the US have a strong
interest in this topic. One caveat to this data is that state
universities such as the University of California have sev-
eral campuses, each operating effectively as its own uni-
versity. However, we were unable to separate by campus
based on the data returned by our search. In contrast to
the unified campuses of the University of California sys-
tem, the University of Nebraska’s campuses are entirely
distinct within our analysis. One possible explanation for
this discrepancy could be the lack of completeness in the
data extraction process. Specifically, it is conceivable that
the process did not retrieve all necessary metadata, such as
unique campus identifiers or specific campus-related key-
words, which are vital for accurately distinguishing between
the different campuses of the University of California sys-
tem. Moreover, inconsistencies in the naming conventions
or variations used for the University of California cam-
puses in the retrieved data might have caused confusion. For
instance, abbreviations, acronyms, or local colloquial names
used in place of the official campus names may not have
been recognized by the analysis algorithm. Such irregulari-
ties in data extraction and processing might have led to an
inaccurate aggregation of data, which, in turn, could have
artificially inflated the ranking of certain universities in the
list.
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TABLE 4. Top ten conferences.

=
1]
=
&

Source

=0 001\ W AW~

IEEE Frontiers in Education Conference (FIE)

American Society for Engineering Education (ASEE) Conference

ACM Symposium on Computer Science Education (SIGCSE)

ACM Conference on Innovation and Technology in Computer Science Education (ITICSE)

IEEE GLOBAL Engineering Education Conference (EDUCON)

ACM Conference on International Computing Education Research (ICER)

IEEE Integrated STEM Education Conference

International Conference on Education and New Learning Technologies (EDULEARN)

International Conference on Computational Science and Computational Intelligence (CSCI)
0 International Technology Education and Development Conference

TABLE 5. Top twenty most published institutions.

Rank  Affiliations Country  Articles
1 Arizona State University USA 44
2 University of California USA 32
3 Purdue University USA 31
4 California State University USA 29
5 University of Texas USA 25
6 University of Virginia USA 18
7 North Carolina State University USA 16
8 University of Colorado USA 16
9 University of Toronto Canada 16
10 Simon Fraser University Canada 15
11 University of Nevada USA 18
12 Pennsylvania State University USA 14
13 University of Florida USA 14
14 University of Nebraska-Lincoln USA 14
15 University of North Carolina at Charlotte ~ USA 14
16 Colorado State University USA 13
17 Michigan State University USA 13
18 Florida International University USA 12
19 Lamar University USA 12
20 University of Maryland USA 12

3) TOP 20 MOST CITED COUNTRIES

Table 6 shows the top twenty most cited countries. As illus-
trated in the table, the USA is in the first position, demonstrat-
ing its dominance in CS attrition research with 893 citations,
followed by Canada with 48 citations, and China with
43 citations. Interestingly, European nations dominated the
top twenty list. Among the Oceania nations, Australia
had the highest number of citations with 28, followed by
New Zealand with 9 citations. Notably, South Africa topped
the list of African nations that appeared on the list with
13 citations.

C. CONCEPTUAL STRUCTURE

Della Corte et al. [40] use a conceptual structure to measure
the quality of themes and to understand the evolution of
a topic over time. This section provides a summary of the
conceptual structure.

1) TOP THEMES OVER TIME

A thematic map is a tool that describes the conceptual struc-
ture of a particular study [40]. In Figure 3, we present such
a map, which provides researchers with knowledge about
the thematic areas of the study. The map displays a com-
prehensive evolution of sub-topics used over the years, with
two key measures: centrality (on the x-axis) and density
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TABLE 6. Top twenty most cited countries.

Rank  Country Citations
1 USA 893
2 Canada 48
3 China 43
4 United Kingdom 32
5 Australia 28
6 Spain 19
7 Germany 16
8 India 15
10 Finland 14
11 South Africa 13
12 Turkey 12
13 Japan 11
14 Sweden 11
15 Ireland 10
16 Brazil 9
17 New Zealand 9
18 Saudi Arabia 9
19 South Korea 9
20 Italy 8

(on the y-axis). Centrality measures the level of inter-cluster
interactions between topics, indicating how connected a given
topic is to others. This helps researchers understand the
overall coherence of the study’s themes. Density, on the
other hand, shows the intra-cluster relationship among key-
words in a given theme and how they are developed over
time. This measure is useful for understanding the level
of detail and depth in the study’s exploration of each
theme.

The thematic map is divided into four quadrants: niche
themes, motor theme, emerging themes, and basic themes.
Niche themes have mostly unimportant external ties and
marginal importance in the field. For example, themes such
as “learning environment™ and “‘software engineering” are
relatively low or marginally important. The motor theme
represents the main theme, characterized by high centrality
and mostly conceptually related to other themes. The only
theme within this category is “motivation”. The emerging
or declining themes are mostly weakly developed with low
density, containing terms such as ‘““‘computer programming,”
etc. The last quadrant mostly contains basic themes, which
are necessary for the field of CS attrition. Examples in this
category are ‘“‘computer science education,” ‘“‘active learn-
ing,” “retention,” and ‘“‘computer science” .
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2) COMMON CO-OCCURRENCE NETWORK

To investigate the interconnection of commonly used topics,
we use a co-occurrence network as shown in Figure 4. The
co-occurrence keyword network can be constructed using
the co-occurrence frequency of keywords in a set of docu-
ments. Once the co-occurrence frequency matrix has been
constructed, a graph can be created where each keyword
is represented by a node and the co-occurrence frequency
between keywords is represented by the edges connecting the
nodes. The strength of the relationship between two keywords
can be represented by the thickness or weight of the edge.
Several tools have utilized network analysis measures, such
as degree centrality, betweenness centrality, and eigenvector
centrality to analyze network structure and identify the most
important or central keywords in the network.

Degree centrality is a measure that counts the number
of direct connections a node has in a network [41], [42].
Mathematically, degree centrality of node v can be defined
as:

dy
Cp(v) = — (11)
n—1

Here, Cp(v) represents the degree centrality of node v, d,
represents the degree of node v, and n represents the total
number of nodes in the network.

Betweenness centrality is a measure that quantifies the
number of shortest paths between all pairs of nodes in
a network that pass through a given node [43], [44].
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(Centrality)

Mathematically, betweenness centrality of node v can be
defined as:
o(s,t|v)
Cyvy= > —— (12)
o(s,t)
s#EvELeV

Here, V is the set of nodes, o(s, t) is the total number
of shortest paths from node s to node ¢, and o(s, t|v) is
the number of those paths that pass through node v. The
betweenness centrality of a node v is the sum of the fraction of
all pairs of nodes that node v lies on the shortest path between.

Eigenvector centrality is a measure that takes into account
the centrality of the nodes that are connected to a given
node [45], [46]. Mathematically, eigenvector centrality of
node i can be defined as:

1 n
W= Zl“avjx,- (13)
j:

Here, x, represents the centrality score of node v, a,; repre-
sents the edge weight between node v and node j, n is the total
number of nodes in the network, and A is a constant scalar
value.

In the network, the size of the nodes represents the fre-
quency of the topics, and the colored regions represent
the commonly used topics. For instance, the common top-
ics in the documents are ‘‘retention,” ‘‘computer science
education,” ‘“‘persistence,” ‘“‘recruitment,” and “‘attrition”.

LR INT3
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Biblioshiny divides these topics into respective clus-
ters, showing how these words are commonly used within
a publication. For example, the red cluster shows the rela-
tionship between “retention,” ‘“‘mentoring,” ‘‘recruitment,”
“pedagogy,” “attrition,” ‘“‘higher education,” ‘“‘persistence,”
“engineering education,” ‘“‘undergraduate research,” “‘cur-
riculum,” and ‘““broadening participation”.

LR T3

D. KEYWORD VISUALIZATION

This section presents the common keywords used in CS attri-
tion studies. To achieve this, we discuss the most frequently
used keywords, strongly related keywords, and trend patterns.

1) TEMPORAL KEYWORD GROWTH

The graph in Figure 5 shows the annual distribution trend of
keywords from 2000 to 2022. Identifying keyword trends can
help researchers focus on newer or emerging areas in the field.
Most keywords experienced a sharp increase throughout the
years considered in our analysis. “Retention” remains the
most popular keyword used by CS researchers, followed
by “computer science education”, ‘““‘computer science’’, and
“computing education’. The choice of these keywords may
be attributed to the countries in which the academic institu-
tions are based. For example, US-based academic institutions
prefer the “computing education” keyword, while European
academic institutions use ‘‘computer science education” key-
words. These keywords are likely to continue experiencing a
significant increase in future trend analysis.

2) TOP-MOST KEYWORD FREQUENCY

To gain a better understanding of the most frequently used
keywords, we have employed a word-cloud which displays
the frequency of keywords used in a collection of publica-
tions. In a word cloud, the larger the keyword, the higher the
frequency in the document. Figure 6 shows the commonly
occurring keywords from our analysis, including ‘“‘com-
puter science education”, ‘“‘retention’, “‘computer science’,
“CS1”, and “gender”. Smaller-sized keywords like “self-
efficacy”, “e-learning”, “learning analytics”, “CS2”, “data
mining”, and “inclusion” are also present in the word-
cloud, though they occur less frequently. These keywords are
expected to continue to be prominent in the field and pave the

way for future research directions.

3) TOP-MOST CO-OCCURRENCE KEYWORD NETWORK
VISUALIZATION

Using the Vosviewer software, as depicted in Figure 7,
we describe the top keywords used by authors. The closer two
keywords are positioned to each other, the stronger their relat-
edness is, and the thickness of edges represents the strength of
co-occurrence links between them. As presented in Figure 7,
we selected the closely tied keywords or keywords with
the highest total link strength out of 175 keywords. This
indicates that these keywords are popular across authors.
“Retention” was the most frequently occurring keyword,
appearing 180 times with a total link strength of 365.
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“Computer science education” came next with 159 occur-
rences and 96 total link strength, followed by ‘“‘computer
science” with 100 occurrences and 57 total link strength.

4) TOP-MOST RELATED KEYWORDS

We used a tree-map to show the relatedness of keywords and
to identify the most frequently used keywords. The percent-
age in the tree-map indicates the relevance of each keyword.
As depicted in Figure 8, the tree-map shows that “‘retention”
and “computer science education” are commonly used in
research on CS student attrition. This indicates that these
keywords are prominently used in the field. Other keywords
of considerable interest that fall within this category are
“CS1,” “computer science,” and “‘gender.”” For keywords
that are less related but still have significant relevance and
are emerging, “cs0”” and ‘“‘race” are notable examples.

IV. DISCUSSION

In this section, we discuss the impact of our bibliometric
analysis on our understanding of the landscape of retention
studies in computing. From our observation, publications rose
steadily from 2013 at 2.98% growth, with 2018 accounting
for 226 articles but decreased suddenly to 105 publications
between 2020 to 2021. We believe the COVID-19 pandemic
might have impacted the number of articles produced (e.g.
due to canceled conferences and decreased productivity of
researchers). We do not believe that this decline reflects
a decline in CS attrition. On the contrary, a recent study
conducted by Mooney and Becker [47] mentioned that attri-
tion rates increased as the COVID-19 pandemic continued.
Similarly, Albarakati et al. [48] (2021) revealed that under-
represented minorities might even suffer attrition more sig-
nificantly as a result of the pandemic.

In terms of where the articles have been published, our
study reveals the importance of this topic across a range
of communities. The top venues for this research include
a set of journals and conferences that include both those
that specifically focus on computing education (e.g. Elsevier
Computers and Education, ACM Transactions on Comput-
ing Education) and more general education-focused venues
(e.g. IEEE Transactions on Education, IEEE Frontiers in
Education). This range of publication venues indicates that
the problem of CS attrition is not just of narrow interest to
those directly involved in the field of computing, but a prob-
lem that is important to the broader education community.
Moreover the venues where this work is published are of
high quality and impact. For example, the Computers and
Education journal appeared to be the top-most published
source with 24 publications by the year 2022. The Computers
and Education journal is one of the leading journal in educa-
tional technology with a long publication history. According
to Clarivate Analytics, a Web of Science Group, publishing
annual report on journal citation, for 2022, Computers &
Education journal was ranked second best with impact factor
(IF) 11.25 which is next after the Review of Educational
Research journal topmost with IF 13.55. Other journals and
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FIGURE 4. Co-occurrence network of topics.
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FIGURE 5. Temporal keyword growth from 2000 to 2022.

conferences on the list are also highly ranked. There may not appear in Scopus or the Web of Science which our study
be other studies that are sent to lower-impact venues that do did not observe, but the presence of this work in high-impact
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venues signals the growing importance of this topic in the to the size of the United States and the large number of US
field. research universities. This trend does not imply that attrition

It is interesting to note that the United States dominates the is a bigger problem in the US compared to other countries,
publication count in this area. This is likely at least in part due though our study cannot rule that out either.
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FIGURE 8. Top-most related keywords.

According to the conceptual structure analysis results, the
four quadrants showing the trends of topic over time were
considered. These quadrants consisted of niche, motor, basic,
and emerging or declining themes. This study revealed that
“computer programming” remain the only emerging theme
in attrition studies focusing on computer science. While other
themes such as ‘“‘active learning” and ‘“‘computer science
education” are relevant and basic topics in attrition stud-
ies, “‘computer programming’’ seems to be the major focus
connected to students” attrition. This finding buttressed the
overarching and known knowledge about how programming
education is difficult for students to excel in and need more
time and resources to thrive [8]. Therefore, students may
dropout of pursuing a computing degree because they could
not comprehend and develop computer programming skills
due to its difficulty. The implication of this finding is that
more interventions tailored towards facilitating students’ pro-
gramming education may be needed to improve retention in
computer science as alluded by previous studies [1], [49].

The analysis of trending topics as revealed by the temporal
keyword growth from 2000 to 2022 indicates that authors
have focused their attention on student “retention” in the
last two decades. Apparently, computer science researchers,
for example, Cohoon [50], Cuny and Aspray [51], empha-
sised how to improve retention of female in computer sci-
ence degree. Aside from computer science, other fields are
showcasing research on student retention by investigating
several characteristics with the aim to develop educational
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environments to foster students success [52], [53]. Thus, stu-
dents’ retention remain a hot research topic since it is relevant
and critical to measuring educational success and whether
academic strategies are meeting the learning needs of a given
society [54]. Additionally, this study revealed that scholars
researching students’ attrition in computer science educa-
tion are widening their scope by investigating computing
education in general, including additional discipline-specific
areas such as computer engineering, information systems,
and software engineering [11].

V. CONCLUSION
This study provides insights into research on student attrition.

It took a unique approach to qualitatively analyze relevant
articles on student attrition through the lenses of bibliometric
review study, with a focus on the context of computer sci-
ence education. Our study serves as a guide to young and
emerging researchers aiming to shape their research prospects
on attrition in computer science education. For example, our
analysis unveiled useful information about publication trends,
venues, active institutions and countries, temporal keyword
dynamics, and popular keywords used in this domain. With
the findings of this study, young scholars in this field would
have an overview of where to publish their relevant research,
and how to position their research to focus on hot and trending
topics. In addition, this study is relevant to scholars in this
community as it visualizes the scientific progression wit-
nessed in the field within the last two decades. For educators,
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administrators, and other stakeholders, this study provides
relevant information that can guide strategic planning and
preparation for the future in order to address more issues
related to student retention as a measure of academic success
in the field.

This study is not without limitations. As is common
with review studies, some of the actions taken to concretize
the research procedure in accordance with the methodol-
ogy adopted in this study may expose the study to certain
limitations. For example, our bibliometric analysis excluded
non-English articles. We acknowledge that this exclusion of
articles written in languages other than English might lead to
incomplete coverage of the study. However, due to the global
recognition of English, this influence on our results might
be insignificant. Another limitation is the lack of exhaus-
tiveness of the data collected for our analysis, which the
authors admit. Nevertheless, the extensive keywords used in
conducting the search strategy for relevant data from two
popular databases (Scopus and Web of Science) validate the
measures taken to mitigate this limitation. In addition to the
aforementioned limitations, it is important to note another
significant constraint on our study. Both the University of
Texas and the University of California are extensive public
university systems with numerous campuses, departments,
programs, and administrative bodies. However, due to their
vastness and complexity, Scopus and Web of Science often
conflate them into a single entity, leading to inaccuracies in
research metrics and evaluations. As a result, the data we
used to analyze the research productivity and impact of these
universities may not fully capture the breadth and diversity of
their contributions in our analysis. This limitation should be
taken into consideration when interpreting our findings and
drawing conclusions about the research performance of these
institutions.

The study concludes by emphasizing the scientific
progress made in the study of students’ retention in com-
puter science education as showcased by relevant research.
Nevertheless, it draws the attention of stakeholders to the
need for developing more strategies to create a niche in this
domain, as current studies are primarily focused on computer
programming while other areas of computing have received
little attention.
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