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Study Behavior in Computing Education—A Systematic
Literature Review

MADELEINE LORÅS, GUTTORM SINDRE, HALLVARD TRÆTTEBERG, and
TROND AALBERG, Norwegian University of Science and Technology, Norway

As the field of computing education grows and matures, it has become essential to unite computing educa-
tion and higher education research. Educational research has highlighted that how students study is crucial
to their learning progress, and study behaviors have been found to play an important role in students’ aca-
demic success. This article presents the main results of a systematic literature review intended to determine
what we know about the study behaviors of computing students and the role of educational design in shaping
them. A taxonomy of study behaviors was developed and used to clarify and classify the definitions of study
behavior, process, strategies, habits, and tactics as well as to identify their relationship to the educational
context. The literature search resulted in 107 included papers, which were analyzed according to defined cri-
teria and variables. The review of study behavior terminology found that the same terms are used to describe
substantially different study behaviors, and the lack of standard terminology makes it difficult to compare
findings from different papers. Furthermore, it was more common for papers to use study behaviors to explain
other aspects of students rather than exploring and understanding them. Additionally, the results revealed
a tendency to focus on specific educational contexts, predominantly introductory programming courses. Al-
though computing education as a field is well equipped to expand the knowledge about both study behaviors
and their connection to the educational context, the lack of common terminology and theories limits the
impact. The taxonomy of study behaviors in computing education proposed in this article can contribute to
contextualizing the research in such a way that researchers and educators across institutional borders can
compare and utilize results. Last, the article outlines some areas for future research and recommendations for
practice.
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1 INTRODUCTION

Study behaviors have been found to be crucial to students’ academic success [30]. Within com-
puting education, we know that students exhibit many different behaviors when studying and
learning computing concepts [12, 109, 164] and that differences between effective and ineffective
students can often be explained by such behaviors [134]. Research on study behaviors in comput-
ing education has seen an increase in focus over recent years [100]. Specifically, researchers have
focused on gathering and analyzing behavior data to identify difficulties, design interventions, en-
courage change, and predict success and performance. However, this previous work on computing
students study behavior is fragmented. For example, many different terms are used to describe the
same behaviors [130, 152]. There is also still a need for further research focused both on the be-
haviors and definitions in use and on the role of the educational context in computing education.
Therefore, this article explores how the computing education research community has approached
computing students study behavior.1 More specifically, the research questions are as follows:

• RQ1: How are study behaviors defined in computing education research?
• RQ2: In what ways are study behaviors included in computing education research?
• RQ3: What is known about the role of educational context in shaping study behaviors in

computing education?

To answer these questions, we performed an extensive systematic literature review of study
behavior in computing education. To do so, we developed a taxonomy of study behaviors by com-
bining research in higher education, psychology, and learning sciences. This work takes a broad
perspective on study behaviors, including everything from cognitive levels of engagement to con-
crete tools students use, making the contribution of this article different than other reviews. Pre-
vious reviews within computing education have looked at specific aspects of students’ behaviors,
such as metacognition [130] or the role of behaviors in predicting performance [71]. This review
reveals that the variety of terminology and infrequent use of theoretical definitions limit the value
of the research when it comes to generalizing and transferring knowledge between educational
contexts. Based on the results of this literature review, the taxonomy was updated to include the
study behavior terms identified in computing education trough the analysis. This extended taxon-
omy provides a tool for classifying the behaviors present in computing education literature, and
other researchers and educators can use it as a tool in the future.

The rest of this article is organized as follows: In Section 2, we present the taxonomy and defi-
nitions on which the analysis is based. Section 3 presents the methodology used for the literature
review by describing how papers were selected and analyzed. In Sections 4, 5, and 6, we present
the findings to the three research questions, respectively. Section 7 provides a discussion of these
findings and their implications and outlines opportunities for future research. Finally, Section 8
summarizes and concludes the article.

2 THEORETICAL PERSPECTIVES ON STUDY BEHAVIOR

Study behavior has, over the years, been the focus of many research papers, although the terms and
definitions described are often inconsistent [100, 152]. Tressel, Lajoie, and Duffys review from 2019
addresses this fragmented domain and proposes a hierarchical terminology based on research from
recent decades [152]. They define study behavior as “any actions students make when preparing
for, or taking part in, study-based activities” [152, p. 121]. This definition is intentionally broad

1To limit the confusion between the terms study behavior and research study, any references to study or studies in this
article refers to aspects of study behaviors. Any references to research studies will use different terminology.
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Fig. 1. Study behavior taxonomy: Definition and hierarchy of study behaviors.

and encapsulates all study terms. Based on this hierarchy, Figure 1 offers an outline of a taxonomy
of study behaviors, which is the foundation of the analysis in this article.

A taxonomy is a system for naming and organizing things into groups that share similar quali-
ties [35]. Self-regulation and metacognition, for example, share similar qualities and are therefore
placed under study strategies [130]. Furthermore, the taxonomy as a tool serves two main pur-
poses: It classifies the different constructs of study behavior and illustrates how they are related.
The taxonomy above is based on the idea that any study term (i.e., self-regulation, time engage-
ment, approach to learning) is placed in only one behavior construct (i.e., process, strategies, habits).
Last, because the educational context construct is related to all behaviors, it is represented as such
by being the background in Figure 1. Process and strategies primarily relate to the cognitive level.
Habits and tactics primarily relate to the concrete what students do and use. These boundaries are
not definite, and there are cognitive and concrete elements to all four constructs. Together, these
four behavior constructs compose a more general construct of behavior, and study terms can be
placed within such a construct. In addition to Tressel et al. [152], we draw from other research and
theories within general education and computing education to further define the different terms.

The taxonomy as depicted in Figure 1 should be read from top left to bottom, with each row
representing one level. The upper levels are grounded in the lower levels, and the behaviors on
the same level inform each other, as illustrated by arrows. Thus, study process, strategies, and
habits are closely connected and affect each other, and they act as drivers of the choice and use of
tactics. For example, the case of a student working on a programming assignment illustrates how
the levels of the taxonomy interact: First, the students level of engagement sets the foundation
for this work. If the student takes a calculated approach, then the strategies she chooses will be
guided by time management and self-regulation abilities with the goal of meeting a deadline, not
necessarily understanding the concept. Furthermore, the habits in this case may be aimed toward
limiting the total time engagement and perhaps not going to all lectures. Last, the tactics the stu-
dent employs are guided by all these constructs, aiming for the deadline with strategic decisions,
such as engaging in trial and error, high compilation frequency, and using the internet to quickly
debug problems. In this hypothetical scenario, the student also navigates through the educational
context, for example, attending organized teaching activities if needed, leaning on the social en-
vironment or utilizing labs or other study spaces. It is important to note here that this taxonomy
does not state how a student studies, neither does it model ideal behaviors. This hypothetical is
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merely an example of how the constructs in the taxonomy work together. In the following subsec-
tions, we define terms and explore theories related to the behavior constructs process, strategies,
habits, and tactics as well as the educational context.

2.1 Process

Study process in this article is defined as cognitive engagement with study activities, that is, stu-
dents’ internal approaches to studying and learning. It has been established that information pro-
cessing consists of different levels of depth in cognitive processing [29]. There are two main direc-
tions within the many theoretical frameworks necessary to understand the study process described
in behavior literature: student approaches to learning and learning styles.

The student approaches to learning (SAL) framework is a theory developed by Marton and
in Säljö 1976 [106] and further developed by Biggs [14] and Entwistle and Ramsden [43]. Accord-
ing to SAL theory, students learning and studying process can be categorized into two categories:
deep cognitive processing and surface cognitive processing. The deep approach is an internally
driven motivation and commitment to learning, where the intention to extract meaning produces
active learning. In contrast, the surface approach is externally driven and concerns coping with
various tasks; it is considered a much more restricted learning process. More recently, Biggs de-
scribed this difference as follows: The surface approach refers to activities of an inappropriately
low cognitive level, which yields fragmented outcomes that do not convey the meaning of the
encounter, and the deep approach refers to activities that are appropriate to handling the task so
an appropriate outcome is achieved [15, p. 42]. Biggs and colleagues developed a questionnaire to
measure whether students use a deep and surface approach [16], and it is commonly used to eval-
uate teaching initiatives and student learning approaches. The revised two-factor Study Process
Questionnaire has been adapted and validated across countries and cultures (e.g., Reference [53]).

In addition to SAL theory, the notion of learning styles came from experiential learning theory
and was first introduced by Kolb in the 1980s [87]. Experiential learning refers to the generalized
differences in learning orientation based on the degree to which people emphasize the four modes
of learning process [88, p. 76]. Many different frameworks for learning styles have been developed
since then, but a common theme is describing learner characteristics in different dimensions [26].
On the topic of learning styles, it is important to address a substantial critique voiced over the
years: the lack of empirical justification when matching instructional methods to the supposed
learning styles of individual students [116]. Several reviews have found that there is inadequate
evidence to justify incorporating learning style assessments into educational practices (see, for
example, Pashler et al. [123] and Coffield [26]). Furthermore, learning styles have been criticized
for the potentially harmful practice of diagnosing students [115] as well as for the commercial
profits being made from the sale of tools and software [26]. Even though learning styles still seem
to be in use in the educational system, many researchers view the framework as debunked [115].

In this review, we make a distinction between learning styles and the SAL framework; however,
the latter has also received some skepticism [64, 133]. Whereas learning styles are criticized for
the lack of empirical evidence, SAL theory has been miscited and misunderstood in many research
papers [133]. Moreover, the perspective of SAL as a model, rather than a theory, has caused deep
and surface approaches to learning to result in deep and surface learners [104, 133]. Defenders of
SAL theory acknowledge limitations to how SAL should be used and emphasize room for further
development and contextualization of the theory [26, 104]. Indeed, SAL theory does not aim to
characterize a learner and is dependent on the context [104]. A student may adopt a deep approach
in one context and a surface approach in another, depending on the characteristics of the context
and the learners interpretation thereof [44]. We therefore argue that there is reason to distinguish
between learning styles and student approaches to learning (keeping in mind that learning styles
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are criticized in the literature and that SAL theory should be viewed with an appropriate level of
academic skepticism).

2.2 Strategies

Besides process, it is also important to understand strategies relating to studying. Study strategies
are in this article defined as one’s level of cognitive control over study activities. In this definition,
we have combined some theoretical perspectives to clarify the terminology. First, this definition
includes what Tressel et al. [152] define as skills and strategies because that definition is more in
line with other definitions, such as Credé and Kuncel [30] and Prather et al. [130]. Second, differ-
entiating between a skill and a strategy in practice was challenging and unnecessarily confusing.
For example, the term self-regulation, which is the process of executing cognitive control during
a task [131], could be considered both a skill and a strategy. To avoid the same terms being cate-
gorized into two behavior constructs, we combined the concepts of skills and strategies and used
the term strategies to refer to both because the word skills has a very solid establishment within
competency frameworks [52].

Within this definition of strategies fall the study terms metacognition and self-regulation, time
management, motivation, and affective constructs. First, it is important to define and differentiate
metacognition and self-regulation. Prather et al. [130] did a systematic review of metacognition
and self-regulation in programming education in 2020, clarifying terms and measurements. They
define metacognition as knowledge about one’s own cognitive control, whereas self-regulation is
the process of executing cognitive control [130, p. 3]. In other words, the difference lies in knowl-
edge versus execution. It has also been pointed out that the environment plays an important role
in self-regulation, whereas metacognition is focused on the mind of the individual [37]. Together,
they constitute cognitive control, and they are closely connected [82]. Within cognitive control,
time management is important and is an indicative measurement of self-regulation [165].

Last, there are the affective constructs [92], also referred to as non-cognitive factors [136]. Af-
fective constructs are terms related to emotions, attitudes, feelings, and beliefs [152]. Examples of
affective constructs common in the literature on study behaviors are epistemological beliefs [72],
personality [129], confidence, attitudes [68], self-efficacy, and grit [38].

2.3 Habits

In addition to strategies, habits also play an important role in how study behaviors affect the suc-
cess of computing students. Study habits is one of the most loosely defined terms in the literature
[30, 152]. Tressel et al. [152] argue that study habits should be defined by the consistency of study
behaviors, regularity in the use of study strategies, and the study environment. This definition
means that study habits are informed by the study process and strategies but are related to explicit
behaviors. In this article, study habits are defined as the consistency and actualization of study ac-
tivities, which means that the interaction with the environment has been removed (see Section 2.5
for more).

An important aspect of study habits in our definition is that it is related to the activities students
partake in when studying. Whereas process and strategies are related to purely cognitive processes,
habits, and tactics are concrete. In a way, process and strategies can be seen as aspects of why and
habits and tactics as what. Nevertheless, research on study habits commonly includes the ability to
manage time [174]. We propose to differentiate time management and time engagement based on
this distinction between why and what. In Credé and Kuncel [30]’s definition of study habits, they
are related to the frequency of study sessions or time engagement, whereas time management is
related to the planning and intention of time spent studying [165]. Therefore, time engagement is
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a study term within the construct of habits, and time management is a term within the construct
of strategies.

2.4 Tactics

Last, tactics are defined as the individual learning tools a student uses during their studying [152,
p. 120]. Examples of study tactics are note-taking, self-testing and viewing videos. Within com-
puting education, there are many specific tactics, such as debugging and use of integrated devel-

opment environment tools (IDEs) [154]. The use of tactics is informed by the study process,
strategies, and habits. Research on tactics has revealed that students success is related to the aware-
ness of using certain tactics and the breadth of tactics used [57]. Like habits, tactics are aspects of
what students actually do; however, the choice and use of specific tactics are connected to cogni-
tive levels of engagement and control. When differentiating between habits and tactics, one can
consider their origin and consistency. Habits are consistent routines that students have acquired,
while tactics are concrete elements informed by the habits as well as by process and strategy.
Furthermore, tactics are often discipline-specific and include tools unique for computing, such as
debugging and pair programming.

2.5 The Educational Context

Students study behaviors happen in close relation to the educational context, here defined as the
organized teaching and learning activities, learning environment, and curriculum [17]. Tressel
et al. [152] consider students’ interaction with the learning environment to be part of a student’s
study habits; however, we find it more logical to view the educational context as a factor affecting
all study behaviors. The educational context involves physical, cultural, and social aspects and is
inherently linked to cognitive and concrete aspects of study behaviors [9, 36]. Bandura’s theory
of reciprocal determinism states that a person’s behavior influences and is influenced by personal
factors and the social environment [9]. Teaching activities are the organized events involving an
educator, such as lectures, seminars, and assessments. Learning activities reference the organized
activities students are expected to do independently, such as assignments, projects, quizzes, and
general studying. The learning environment includes diverse physical locations, social contexts,
and cultures in which students learn, including their interactions with teaching and learning activ-
ities and content and curriculum. How a student studies is influenced not just by the educational
context but also by the student’s perceptions of the learning environment [97]. Thus, a student’s
ability to navigate within the educational context is a central aspect of study behavior, linked to
process [17], strategies [37], and habits [152].

In this section, we outlined the theoretical perspectives and definitions underpinning this lit-
erature review. The taxonomy in Figure 1 outlines the constructs and terms within research on
study behavior from general educational domains. After presenting the methodology in Section 3,
we will present the results of how study behaviors are defined and used within the computing
education context.

3 METHODOLOGY

A systematic literature review (SLR) must follow well-defined protocols, guidelines, and aca-
demic norms. The current research is positioned at the intersection between higher education re-
search and computing education. Within the computing and computing education fields, it is com-
mon to follow Kitchenham’s procedures for performing systematic reviews, made to “introduce
the concept of rigorous reviews of current empirical evidence to the software engineering commu-
nity” [86, p. 1]. Within higher education research, there are several similar procedural guidelines.
Bearman et al. [10] reviewed the use of systematic literature reviews in the field and outlined
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several common types. The current SLR is based on the Kitchenham procedure, which largely
overlaps with what Bearman et al. refer to as the “Campbell-Cochrane systematic review.” Com-
mon for both is the transparent and systematic nature of the search procedure, data extraction,
and assessment, which is described for the current SLR in this section [10, 86].

3.1 Systematic Review Planning

To the authors’ knowledge, no previous work has produced a systematic and comprehensive re-
view of the existing published work on study behaviors in computing education. Thus, this article
systematizes and summarizes the empirical work in the field and provides researchers and educa-
tors with insights for moving forward.

3.1.1 Search Strings. As described above, the various uses of terminology in the domain of study
behaviors make it difficult to synthesize and compare results of various studies. In addition, the
identification of relevant literature also becomes difficult in this regard. For this systematic review,
we kept the definition of study behavior as broad as possible to identify these discrepancies and to
resolve them. Therefore, the search terms used for study behavior include all terms in the hierarchy
of Tressel et al. [152], namely, study behavior, process, skills, habits, strategies, and tactics.

To limit the search to computing education, we again ran into a definition problem, since com-
puting education is denoted by a variety of terms throughout the world. In response to this prob-
lem, we chose to include the terms used in the 2005 Joint Task Force Computing Curricula [50],
including the following: computer science, computer engineering, information systems, information
technology, software engineering, and computing. Last, we limited the search to include education,
specifically higher education. By using the search terms AND and OR, we created the following
search string (in italics):

• Study behavior: “((“study behavior” OR “study process” OR “study skills” OR “study habits” OR
“study strategies” OR “study tactics” OR learning behavior OR studying)
• Computing: AND (“computer science” OR engineering OR programming OR cs OR CS OR com-

puting OR ICT)
• Education: AND (education OR “higher education”))”

The search terms were prototyped in a trial search [86, 100], confirming that the search string
was reliable. We also learned that inclusion decisions based only on abstracts were not going to
be possible, so the review process was adjusted to include full-text reviews.

3.1.2 Search Strategy and Selection Criteria. To find papers relevant for the review, we de-
cided to include peer-reviewed empirical papers written in English that addressed study behav-
iors within higher computing education. Initially, the authors considered four inclusion criteria
and four exclusion criteria to select papers for further analysis, as shown in Table 1. Next, we con-
tinued the selection process according to the set of seven quality criteria shown in Table 2. These
quality criteria were informed by the Critical Appraisal Skills Programme [39, 83], which speci-
fies the rigor, credibility, and relevance that need to be considered when evaluating the quality of
papers.

The search for literature was done in several databases, using the “search within anything” func-
tion. First, we searched in the IEEE and ACM digital libraries, because they cover many of the most
relevant conferences and journals in computing education research. In addition, we searched the
more general libraries of Scopus, Web of Science, and Engineering Village to cover more literature.
Table 3 shows that the initial search from these databases yielded 1,701 results, including dupli-
cates. Searches in the Springer, ERIC, Elsevier, and SAGE databases were also performed; however,
the results from these were either too large (n > 10, 000) or too broad (top listed papers were on
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Table 1. Inclusion/Exclusion Criteria

Inclusion criteria Exclusion criteria

The research was done within computing
education or with a majority of computing
students.

The paper is not a research study or
peer-reviewed paper (e.g., extended abstracts,
posters, reviews, blogs).

The research was done in higher education. The paper is not written in English.
The research includes aspects of study
behavior.

The paper is not accessible via university sub-
scriptions.

The research is empirical. The paper is under four pages.

Table 2. Quality Criteria

1. Does the paper address the research problem?
2. Is there a clear statement of the aims of the research?
3. Was the research design appropriate to determine the aims of the research?
4. Does the paper clearly determine the research methods (subjects, instruments, data collection,

data analysis)?
5. Was the data analysis sufficiently rigorous?
6. Is there a clear statement of findings?
7. Is the paper of value for research or practice?

Table 3. Search Results by Source

Database Initial extraction

ACM Digital Library 644
Engineering Village 589
IEEE Xplore 107
Scopus 217
Web of Science 145

Total 1,701

irrelevant topics). Upon inspection, there seemed to be a significant overlap in relevant papers
between these databases and the ones included in this review (ACM, IEEE, EV, Scopus, and WoS).

3.2 Systematic Review Execution

The whole process of searching for, including, and excluding papers is illustrated in Figure 2. The
first step was gathering papers from the various databases, as listed in Table 3. The next step in-
volved removing duplicates and non-relevant item types, such as posters, books, and patents. With
the remaining 1,301 papers, a read-through of titles and publication names was done to remove
obviously irrelevant papers (step 3). In this phase, papers in unrelated fields, such as medicine
and agriculture, were removed as well as blogs and posters that had, for some reason, survived
step 2. Because of the broad search terms, a substantial number of titles were removed in this
phase, resulting in 904 papers for abstract review. Next, a read-through of abstracts—and full text
if needed—was done using the inclusion criteria presented in Table 1 (step 4). We evaluated papers
in the following way:
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Fig. 2. Overview of search and selection process.

• Does the abstract reveal that the paper should be excluded? For example, this step excluded
papers relating to the K-13 level, a different field (mathematics, physics), and papers not
focused on behavior.
• If the abstract was inconclusive, then the full text was investigated. For example, the paper

was excluded if it was about behavior but made no reference to context, field, or level of
education.
• If the abstract was conclusive, then a full-text check was still performed to ensure the page

number and language. For example, some papers were about study behavior in computing
education at the university level; however, it was initially not clear what type of publication
it was.

During abstract review, 723 papers were excluded, 125 were included, and 56 were labeled as
borderline. A second review was performed on the borderline papers, which resulted in 17 new
inclusions. Until this point, the first author had performed the search and selection process alone,
but for steps 4 and 5, we had a second author review the papers. One author also did a second
review of all borderline papers. To evaluate the quality criteria, all papers were reviewed by the
first author as well as one of the other authors. Finally, we ended with 107 papers for data extraction
and analysis, as listed in Table 11 (Appendix A).

Most of the papers included were published in peer-reviewed conferences (74%). ACM and IEEE
channels were most common; however, there were also some learning technology and general
education venues present. There has been a rise in the number of publications on these topics
since the first paper in 1994, with a significant jump in the mid 2010s and with 63% of the included
papers being published after 2015. The papers originate from all parts of the world; however, many
papers referenced research done on the American continent (n = 49), and most of these were from
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the US or Canada. Otherwise, 27 papers originated from Europe, 12 from Asia, 12 from Australia
or New Zealand, and 2 from Africa. Last, there were 5 multinational papers, ranging from two
countries included to 10.

3.2.1 Data Extraction and Analysis. Data extraction was done by coding each paper according
to nine variables [86]. The results of this coding process were then further analyzed to answer the
research questions. Table 4 describes these variables and how they address the research questions.
Some variables were accompanied by predefined categories, and some were based on noting or
copying excerpts from the texts. For these open categories, we made sure only to extract data that
was stated in the paper. For example, when extracting data on teaching implications, we only noted
the actual implications mentioned in the paper, not what our opinion on potential implications was.
A full overview of extracted data can be found at https://doi.org/10.18710/JQX7NW.

The first author coded all the papers, while the remaining authors coded a set each, providing
double coverage of all the papers. The authors paired up to review their data extraction, identify
differences, and agree on the final version. In instances where there was disagreement between
these two authors, a consensus was reached by discussion. Certain factual fields were checked
against the paper, while more subjective fields, such as study behavior, were merged in a way to
include the most details.

The analysis was performed using non-statistical methods following the nature of the variables.
Where needed, we categorized and counted the extracted data. For example, behaviors were cate-
gorized and grouped following the taxonomy presented in Figure 1. In the following sections, we
detail this analysis, summarize the results, and describe the findings for each research question.

4 DEFINING STUDY BEHAVIORS IN COMPUTING EDUCATION (RQ1)

This section describes the results relating to the first research question: How are study behaviors
defined in computing education research? When extracting the study behavior aspects of the se-
lected papers, we placed the study terms used in the papers into behavioral constructs following
the taxonomy presented in Figure 1. When analyzing the data further, we combined the research
goals, data collection methods, description of behavior, main results, and implications to determine
what behavioral constructs were discussed and how they were defined.

4.1 The Study Behaviors Identified

After extracting the various study terms from the selected papers, we mapped them into constructs
according to the taxonomy. For example, papers that referenced deep and surface approaches to
learning were placed under “process.” Many papers, though, used terminology that was inconsis-
tent with the definitions presented in Section 2. For example, “study habits” was used to describe
many behavioral constructs that would be placed under tactics or skills according to our taxon-
omy. In one source, the term “learning habit” is used to describe time spent on assignments and
the number of submissions, posts, and videos watched in an online learning system [66]. In this
case, one could argue that study time, or time engagement in a study activity, should be catego-
rized as a habit; however, the use of videos and posts would be considered a study tactic. In Hedin
and Kann [70], the focus was on study skills, listed as preparing before lectures, smart note-taking,
repetition, planning the upcoming week, maintaining a study diary, reading the course literature
in three steps, and not procrastinating. However, most of these constructs are tactics, except for
planning and procrastination, which are terms under “strategies.” In other words, a central finding
is that terminology use is inconsistent. The same terms are used to describe different aspects of
studying. In the following sections, we review the findings for each of the taxonomy constructs.
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Table 4. Description of Data Extraction Variables and the Connection to Research Questions (RQs)

Variable Description Categories RQs

Research/educational goal What was the goal of the research? Write down 1/2
In what way (if any) is the research re-
lated to performance and/or learning
outcome?

Research questions What were the research
questions/hypothesis?

Research questions 2

Hypotheses
Lessons learned

Data collection Type of data source/collection meth-
ods

Survey 1

Questionnaire
Validated questionnaire
Log-data
Submission data
Interviews
Focus groups
Exam results/grades
Other: write down

Behavior What aspects of study behaviors were
reported on, and how are they mea-
sured?

Write down 1/2

Main results What were the main results? Write down 1

Teaching implications What were the teaching implications
(if any)?

Write down 3

Sample population What level was the research done in? Introductory level 3
Undergraduate level
Graduate level
All levels
Other: write down

Educational context What was the education context for
this research?

Campus 3

Online
Blended
Mixed (students from both)

Pedagogical context What was the pedagogical context for
this

Traditional 3

research Peer Instruction
Flipped
MOOC
Other: write down

4.1.1 Process. While the term “study process” refers to the level of cognitive engagement in
study activities, it is also commonly used to describe the different stages and events in studying
[11, 141]. In total, 24 of the papers included aspects relating to the study process, referencing the
student approaches to learning (SAL) framework or the learning styles framework, as listed
in Table 5. Within the SAL framework, deep, surface, strategic, and achieving dimensions are in
use, but the Biggs’s Study Process Questionnaire (with only the deep/surface dimensions) is the
most common. Within learning styles, we found examples of Felder’s dimensions (active/reflective,
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Table 5. Overview of Papers Referencing the Study Process

Process Papers Count

Student approaches to learning [5, 24, 49, 56, 62, 74, 93, 96, 99,
101, 108, 114, 117, 118, 126, 144,
155, 168, 172, 173]

20

Learning styles [22, 23, 34, 112] 4

Table 6. Overview of Papers Referencing Study Strategies

Strategies Papers Count

Affective constructs [24, 34, 54, 62, 63, 65, 68, 85, 91, 103, 122, 124, 136, 143, 151] 15
Time management [2, 6–8, 40, 45, 51, 59, 70, 81, 95, 105, 161, 166] 14
Strategies [1, 28, 42, 48, 63, 77, 90, 95, 146, 149, 159, 160] 12
Self-regulation [5, 25, 46, 61, 78–81, 122, 169] 10
Motivation [1, 61, 65, 68, 125, 166, 172, 173] 8
Metacognition [28, 32, 48, 69, 75, 81, 125, 151] 8
Programming Strategies [33] 1

sensing/intuitive, visual/verbal, sequential/global) [22, 23] and Kolb’s learning cycle (concrete ex-
perience, reflective observation, abstract conceptualization, active experimentation) [22, 23, 34,
112]. In reference to the substantial criticism of learning styles described above, it is important
to note that the four papers referencing learning styles were published between 1999 and 2009,
indicating that learning styles are no longer a part of computing education research literature.

4.1.2 Strategies. In total, 68 references were made to study strategies in the selected papers,
as further specified in Table 6. Some papers referenced several aspects of strategies and therefore
appear more than once. Furthermore, some papers only referenced strategies in a general way—
for example, describing the application of tactics [160] or cognitive routines [48]. Several papers
used the term “strategy” but were referring to the study process [172, 173]. One paper talked about
programming strategies, referring to specific planning strategies related to programming problems,
such as “finding an average through several sub-algorithmic plans such as a triangular swap” [33].

A large number of the referenced strategies were related to metacognition and self-regulation,
but as Prahter et al. [130] established, it can be challenging to distinguish between these terms.
To differentiate and specify the terminology landscape, we chose to keep the underlying terms
visible in Table 6. The seven papers that referenced metacognition generally used the term to
describe monitoring [69] or reflecting [28] on one’s own study strategies, or those papers used
the umbrella term “metacognitive factors” [32]. Within self-regulation, we found the terms “orga-
nization,” “direction,” and “time management.” Within time management, two papers referenced
pacing study activities as a specific management aspect [155, 161]. Furthermore, three papers ex-
plored the starting time of assignments as tasks, both discussing starting early [2, 45] or late [59].
Start and finish times, which are closely linked to procrastination, were the focus of seven pa-
pers [8, 40, 51, 70, 81, 95, 105].

Last, we grouped personality, epistemological beliefs, attitudes, motivation, grit, and confidence
into affective constructs [70, 152], also referred to as non-cognitive factors [136, 143]. There seems
to be slight disagreement regarding whether these terms are aspects of metacognition or whether
they should be viewed independently. For example, motivation and epistemological beliefs can be
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Table 7. Overview of Papers Referencing Study Habits

Habits Papers Count

Time engagement [11, 24, 27, 41, 42, 46, 51, 58, 65, 66, 73, 75, 76, 84, 89, 94, 108, 121,
122, 125, 127, 139, 141, 142, 154, 156–158, 162, 164, 171]

31

Habits [4, 20, 24, 27, 31, 42, 45, 46, 66, 70, 80, 81, 91, 120, 138–140, 167] 18
Attendance [1, 19, 24, 31, 89, 108, 121, 169] 8
Programming habits [2, 154] 2
Life [158] 1
Social networks [59] 1

found under self-regulation and metacognition in Prather et al. [130]. However, for the purpose of
this mapping, there seems to be an agreement in the definitions that these are all aspects of cog-
nitive control. Affective constructs were often one of several aspects being researched or used to
explain differences in performance. For example, Haungs et al. [68] describe a course development
where motivation and confidence were two of several variables investigated to improve success
and retention. A different example is Tolhurst [151], who specifically investigated the effects of a
course revision on epistemological beliefs.

4.1.3 Habits. An overview of study habits identified in the included papers can be viewed in
Table 7. In the review of the included papers, it was challenging at times to classify the reported
behaviors as habits, since the authors often referred to what we have defined as strategies. We,
therefore, made a distinction between intention and action when determining if a reported behav-
ior should be considered a strategy or habit. Whereas strategies refer to cognitive control (i.e., plan-
ning, monitoring, and intention), habits depict what students actually do. In the article by Foo and
Ng [49, p.2], study habits are defined as “the behaviors associated with studying (excluding meth-
ods used to learn or utilize academic material) such as time management and anxiety reduction,”
a definition that is more in line with the cognitive perspective of study strategies. An illustrative
example of this distinction is the difference between time management (strategy) and time engage-
ment (habit). Time management refers to the planning and intention of studying, often relating to
when students study. Time engagement [89], however, refers to when the students did study and
how much—for example, how much time students spent on an activity [24, 41, 46, 108, 139, 157],
time spent in a system [142], time spent coding [70], or time spent before or after a class [171].
Similarly, attendance is a study term concerned with what a student has actually done and was the
focus of eight papers [1, 19, 24, 31, 89, 108, 121, 169]. Some papers also focused on change in habits
over time [46, 70] or the effect of an intervention such as an academic enhancement program [42],
or supplemental instruction [45, 81].

A common theme in the papers on study habits was the discussion of good and bad behaviors.
In some papers, habits were referenced as “good” or “bad” [2, 20, 27]. However, some papers also
referenced “habits leading to success” [24] or “harmful habits” [8]. Not all papers were systematic in
describing what good and bad habits are, which is arguably a relative concept. Some papers define
bad habits by looking at how they relate to performance [27, 41, 121] or predict success [4, 45].

Two papers referenced programming habits specifically, with one relating to how novice pro-
grammers write code [154] and the other focusing on time spent programming [2]. In that latter
paper, Allevato and Edwards [2] used time spent programming, among other variables, when eval-
uating the effects of extra credit on procrastination behavior. Only one paper specifically mentions
social aspects of study habits and views participation in social networks as a habit [59].
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Table 8. Overview of Papers Referencing Study TactiTcs

Tactics Papers Count

Techniques [7, 8, 48, 51, 54, 56, 70, 76, 99, 113, 120, 139,
160, 162]

14

Resources [47, 48, 54, 66, 99, 103, 120, 127, 156, 167] 10
Social [19, 63, 66, 73, 96, 141, 142, 157, 162] 9
Trying [7, 8, 20, 42, 48, 58, 141, 142, 162] 9
Preparations [70, 111, 160, 167, 171] 5
Coding [45, 47, 59, 154, 170] 6
Help [69, 95, 99, 114, 160] 5

4.1.4 Tactics. In total, there were 57 references to tactics in the included papers, with several
papers mentioning more than one tactic. When distinguishing a habit from a tactic, we considered
the origin and consistency of the behavior. For example, attendance is considered a habit but tak-
ing notes a tactic. We further grouped the various tactics into seven categories, as illustrated in
Table 8. For the previous constructs, the categorization was based on theoretical concepts, but for
tactics, we found it more useful to create new groups. First, we made a distinction here between
using various resources, such as videos [48, 66, 103, 127, 167], books [99, 167], and hints [47], and
techniques, such as memorization [6, 139] and note-taking [70, 160]. Furthermore, the category of
trying includes tactics related to attempting assignments [48, 142], solving many problems [7, 42],
and retaking quizzes [20, 162], often tracked with log-file data. In contrast to most of the other
behavior levels social interactions [19, 66, 73, 96, 141, 142, 157] and collaboration [63, 162] are two
frequently mentioned tactics. The help category includes asking questions [99, 160] and help seek-
ing behavior [69, 95], and the preparation category refers to preparing for lectures [167], tests [160],
and classes [70, 111, 171]. Last, the coding category relates to specific tactics used when program-
ming, such as using auto-complete [154], compilation frequency [45, 47, 154], debugging, and use
of version control systems [170]. Vihavainen et al. [154] for example, looked at how novices tackle
their first lines of code in an IDE and found that students tend toward three tactics: writing code
from left to right, using auto-complete, and copying and pasting.

4.2 Theoretical Frameworks Used

In addition to categorizing the behavior terms and mapping them into the proposed taxonomy,
it is also interesting to note where the definitions in the selected papers came from. Fewer than
a third of the papers were grounded in established theoretical frameworks (n = 32). The most
common framework used was Biggs’s study process (n = 11). Some papers also relied on a validated
questionnaire used in defining behaviors; however, the framework behind the questionnaire was
not necessarily explored beyond the results (n = 14). In total, 15 papers reported their results by
using a validated questionnaire within the learning and behavior domain. In addition, a substantial
number of papers proposed their own definitions for what qualifies as a study behavior (n = 30) or
based their definition on the data (n = 24). For example, based on log data from a MOOC platform,
Sheshadri et al. [142] looked at study habits via time engagement, defined as “study sessions as
consecutive sequences of study actions that occur between breaks for food or sleep.” Similarly,
one paper defined study habits as time spent in the system, number of submissions, and number
of posts and videos watched [66]. In general, time management and engagement were often used
as indicators of strategies and habits. Last, seven papers did not reference any definitions. For
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Table 9. Overview of How Papers Used Study Behaviors

Decrease/reduce Papers Count

Dropout [1, 5, 11, 74, 89, 125, 169] 7
Failure rates [45, 80, 160] 3
Procrastination [40, 62] 2
Bad behavior [2] 1

Improve/enhance/increase

Learning [28, 73, 76, 78, 79, 81, 90, 93, 95, 96, 105, 114,
127, 139, 140, 155, 164, 166, 167, 170]

19

Study behavior [8, 42, 49, 56, 121, 122, 146, 151] 8
Performance [6, 7, 31, 32, 41, 162, 172, 173] 8
Retention [19, 70, 85, 138, 159, 161] 6
Engagement [48, 61, 84, 118] 4
Experience [4] 1
Online learning [79] 1
Programming skills [33, 63, 111] 3

Learn about/understand/identify

Study behaviors [20, 22–25, 46, 59, 99, 117, 120, 126, 141, 149,
168, 171]

12

Learning [22, 23, 126] 3
Online learning [51, 101] 2
Programming learning [65] 1

Predict

Performance [34, 58, 68, 75, 94, 136, 142–144, 157, 158] 11
Identifying students at risk [47, 69, 77, 154] 4

Various

Improving a tool/system [27, 54, 91, 108, 113, 156] 6
Culture/gender diversity [103, 147] 2
Transition to university [66, 112] 2
Supporting teachers [124] 1

example, Carpenter and McCusker [20] mention retaking quizzes as a way to reinforce good habits
but do not elaborate further.

5 THE ROLE OF STUDY BEHAVIORS IN COMPUTING EDUCATION (RQ2)

This section describes the results relating to the second research question: In what ways are study
behaviors included in computing education research? In this analysis, we used the variables of
research/educational goal, data collection, and study behaviors. By investigating the goal of the
various papers, we found why study behaviors were used as well as how they were used. Inspecting
the research/educational goal, we found that most papers had one of four goals: (1) decrease or
reduce undesired outcomes; (2) improve, enhance, or increase desired results; (3) learn more about,
understand, or identify something; or (4) predict behaviors or events. These goals are illustrated
in Table 9.

A majority of the selected papers used different study behavior constructs to explain other as-
pects of education, such as performance, drop-out, or prediction (n = 72). For example Benda et al.
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Fig. 3. Summary of educational context parameters.

[11] investigated why online computing students drop out, using time engagement as an explana-
tory variable. Similarly, Chinn et al. [24] focused on identifying study habits that lead to success.
Several papers related behavior to performance, such as Höök and Eckerdal [76], who investigated
habits, and Hedin and Kann [70], who looked at strategies and tactics. Common for most of these
examples, and most of the explanatory papers in general, is that the behaviors were one variable
of many in the analysis or discussion sections [4, 46, 80, 138, 139].

A minority of the included papers viewed study behavior as the dependent variable, where the
goal was to explore these behaviors (n = 35). In these exploratory papers, it was common to inves-
tigate how various interventions affected certain behaviors, to model behaviors for use in online
learning tools or the study process across student groups [49]. Sheard et al. [140] adopted a holistic
focus on study habits by exploring where, when, how, and with whom computing students studied,
but such an approach was less common. Regarding the inclusion of behaviors in the analysis, it
can be concluded that using behaviors as an explanatory factor is more prevalent than exploring
behaviors. Furthermore, there is a focus on improving learning by decreasing or increasing various
behaviors; however, the definition of “better” is somewhat unclear.

6 EDUCATIONAL CONTEXT AND STUDY BEHAVIORS (RQ3)

This section describes the results of the third research question: What is known about the role of
educational context in shaping study behaviors? For this analysis, we used sample population, ed-
ucational context variables, and pedagogical context variables. When considering the educational
context, it is valuable first to examine the sample population, and in this case, the population’s
level of education. A majority of the papers used students at the introductory level (n = 58) – that
is, first-year courses (CS0, 1, and 2). A somewhat typical example is the paper by Gomes et al. [61],
who investigated connections between study strategies and performance in an introductory

ACM Transactions on Computing Education, Vol. 22, No. 1, Article 9. Publication date: October 2021.



Study Behavior in Computing Education—A Systematic Literature Review 9:17

programming course. A different example is the multi-national investigation of Simon et al. [144]
into cognitive, behavioral, and attitudinal factors that influence entry-level student’s success in
learning programming. Furthermore, Figure 3(a) shows that 38 papers included students at the un-
dergraduate level; 4, students at the graduate level; and 6, students at various levels. Last, 1 paper
presented research done on students enrolled in continuing education [11].

When it comes to the educational setting in which the research was performed, the majority of
papers described a campus-based environment (n = 72). Some were done in a blended environment
(n = 13) or fully online (n = 8). Only one paper presented research performed in a laboratory [127],
indicating that behaviors are mainly researched in a natural setting. Additionally, some papers
described mixed environments, where some students attended on campus simultaneously with
students online (n = 5). For example, Petersen et al. [125] investigated reasons for dropping out
of a multi-campus CS1 course with students at different campuses and online. As many as seven
papers did not describe the setting in which the research was performed, and two studies were done
in multiple courses where the educational setting was not described. For example, Halde et al. [65]
used machine learning to investigate the impact of study strategies and habits on performance for
students across the computing department. These findings are summarized in Figure 3(b).

Figure 3(c) summarizes the pedagogical context for the included papers. The predominant ped-
agogical context identified in the selected papers was a traditional design (n = 77), meaning that
lectures and labs were primary components. While the exact learning design of these courses may
have had significant variation in how lectures and labs were conducted and whether labs counted
toward the grade, all pedagogical contexts with a heavy focus on lectures and labs were coded as
“traditional” unless the paper described alternative pedagogical approaches that positioned it in
another category. For example, Manley and Urness [103] compared the use of video lectures to
in-person lectures in a course with quizzes and lab exercises. Some papers described MOOC and
SPOC contexts (n = 7), and some described the program level or included several courses, making
the pedagogy difficult to describe (n = 7). Flipped classroom designs were the focus of seven papers,
such as Lin and Wu [96], who explored social interactions in a flipped classroom setting. In seven
papers, the pedagogical context was not described; however, that omission was often because the
focus on the paper was on specific tools [156], techniques [144], or teacher perspective [124]. Last,
a few papers examined specific pedagogical contexts, such as Ma’s [101] investigation of students”
approaches to learning in problem-based learning.

The findings on the relationship between study behaviors and educational context in the in-
cluded papers are somewhat ambiguous. The learning activities and interventions proved difficult
to categorize, because the various papers had different goals and focuses. The main observation is
that most papers examined general study behaviors, sometimes with a specific intervention, but
often without one. It can be concluded, however, that introductory-level education is most preva-
lent, as is traditional pedagogy in campus-based environments. Concurrently, it was observed that
there are discrepancies in the level of detail in the descriptions of educational and pedagogical
contexts, making it hard to make further inferences. The next step is to further solidify the con-
nection between various behaviors and the specific educational design parameters. Table 10 lists
some proposed relations between the study behavior terms and educational design parameters,
including references to example papers found in the current review.

7 DISCUSSION

In this section, we discuss the results, identify contributions, and present some observations and
recommendations that follow from our review. We take this opportunity to summarize the impor-
tant findings for each of the research questions and discuss the relation between them, building
on the theoretical perspectives in Section 2 and extending the taxonomy of study behaviors.
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Table 10. Potential Link between Study Behaviors and Educational Design Parameters

Behavior Educational design parameters Potential impact factors and examples

Process Program, semester, and course design The study process is hard to influence; how-
ever, research has found that approaches to
learning do develop over time, suggesting that
the educational design parameters have an ef-
fect [98]. The number of courses per semester,
parallel versus modular approaches, weight
and alignment between courses are some as-
pects to consider [125, 151].

Learning activities and assessment The holistic design of each year, the combina-
tion of courses and teaching and learning ac-
tivities play a role [84].

Strategies Learning outcome goals Study strategies are also challenging to in-
fluence through educational design. However,
including learning goals directed toward devel-
oping metacognitive skills in addition to con-
tent knowledge might support students in this
regard.

Specific training Offering courses and training targeted toward
the development of study strategies is one po-
tential impact factor (e.g., programs integrat-
ing courses and academic-enhancement pro-
grams [32, 42, 70, 81]).

Habits Scheduling of organized activities The scheduling of organized activities can pro-
vide useful scaffolding for the development of
study habits [80, 84].

Mandatoryness/participation The implementation of mandatory participa-
tion is a tool educators can especially use to in-
fluence habits. However, one should be mind-
ful of the holistic design and ensure variation
and balance [164].

Tactics Learning activities and assignments When designing learning activities and assess-
ment, one can consider what tactics students
might need to master to broaden their study-
ing toolkit [111, 162].

IDE and technology choices Similarly, regarding choosing IDEs and tech-
nologies for use in computing courses, there
is room for broadening the students’ abili-
ties (e.g., use of version control systems, web-
based platforms, and professional IDEs [154]).

7.1 Defining Study Behaviors in Computing Education (RQ1)

The investigation into how study behaviors are defined in computing education revealed two main
findings. First, the review found that the same terms are used to describe substantially different
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study behaviors and that the lack of standard terminology makes it difficult to compare findings
from different papers. This finding is in line with research from other disciplines on the fragmented
domain of study behavior definitions and terminology [152]. Educators and researchers should be
mindful of this lack of unity and provide clear definitions in future research papers [130]. Second,
these definitions are mainly based on data or self-described characterizations. Of all the papers, 75%
did not define their terminology clearly, or they used self-defined terms where more established
definitions were already available. The use of and development of domain-specific theories and
models is an area where computing education research can grow. The work by Prather et al. [130]
is a good example of a systematic contribution to bridging the gap between theories on cognitive
control and programming education. This review found that the use of theoretical frameworks
was often limited to the inclusion of a questionnaire or used as an explanatory element in the
computing education field.

In support of this future work, we expanded the taxonomy in Figure 1 to include the study terms
identified in the reviewed papers. This extended taxonomy is depicted in Figure 4. In the following,
we further discuss the definitions and grouping of the included study behavior terms with regard
to the perspectives in Section 2.

• Process: For the process behavior construct, two study terms were identified: SAL frame-
work and learning styles. We included learning styles in the taxonomy, because it does not
aim to model or moderate anything; however, we urge researchers and educators to be aware
of the substantial critique of learning styles [115]. With regard to the SAL framework, we
found that deep/surface approaches to learning was a commonly used variable; however,
SAL theory is not often discussed. Questions for further exploration include what deep and
surface approaches to learning mean in computing education and what insights they can
give computing educators about the quality of learning [26, 104].
• Strategies: Strategies were defined using many different study behavior terms, and in the

extended taxonomy, we include metacognition, self-regulation, time management, and affec-
tive constructs. Time management was the most referenced concrete aspect, perhaps because
it is somewhat easily measurable. Affective constructs and motivation were also common
terms, indicating that many papers attempted to include more personal aspects. We also re-
vealed attempts to differentiate general strategies and programming strategies, which could
be an avenue to pursue further.
• Habits: Within habits, we include time engagement, attendance, social networks, and bal-

ancing student life. The two latter terms were only referenced in one paper; however, social
aspects [128] and balancing life [119] are important aspects of studying. Additionally, we
found that the habits construct was the most loosely defined study behavior construct, often
referring to strategies, specifically time management. Similar to strategies, we found specific
mentions of programming habits. Further research could explore the notion that computing
requires specific study strategies and habits.
• Tactics: For tactics, we include the seven groups of individual learning tools identified in

this review. We believe there are more tools but hope the categorization may be valid nev-
ertheless. It is within this construct that we identified the most computing-specific terms,
grouped under “coding.” However, the tools of social connections and “trying” are also linked
to many pedagogical approaches in computing education, such as project and team-based
learning [18] and pair programming [163].

To summarize, the contribution of the findings related to the first research question is the ex-
tended taxonomy of study behaviors in computing education (Figure 4). The taxonomy is based on
theoretical definitions but takes into account many data-driven approaches. Similar to the review
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Fig. 4. Extended taxonomy of study behaviors for computing education.

by Szabo et al. [148] of learning theories in computing education, this article provides a synthesized
overview and associated exemplars to improve the understanding of study behaviors, including
how they relate to the educational context. Future research and practice can use this framework
to identify terms when designing research projects or educational innovations, and it can serve as
a tool for understanding and interpreting published research. In the discussion of the remaining
research questions, these connections are explored in more detail.

7.2 The Role of Study Behaviors in Computing Education (RQ2)

The investigation into what ways study behaviors were included found that most papers used study
behaviors to explain other student-related aspects, such as academic performance, engagement and
dropout. Consequently, a minority of the included papers explored study behaviors. Considering
the prevalence of inconsistent terminology, it is challenging to infer any trends or conclusions
as to the role of specific study-behavior constructs. Reviewing Table 9, it is apparent that there
were substantially more efforts published aiming to improve, enhance, or increase positive aspects
of studying than to decrease or reduce negative aspects. Furthermore, it was not uncommon to
read about “good” and “bad” study strategies, habits, and tactics in papers about different edu-
cational designs and innovations. To our knowledge, there is no established consensus distilling
good, successful study behaviors. As several researchers have pointed out, we must be wary of
developing “folk conclusions,” whereby certain hypotheses are widely accepted as truths despite
lacking empirical verification [67, 132]. Although all educators may have an idea of what good
and bad behaviors are, such a vague and coarse categorization is not helpful for research. Fur-
thermore, determining whether a behavior is good, successful, positive, or improved relative to
a previous behavior depends on one’s perspective. Indeed, the assessment of a behavior depends
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on whether the goal is for students to perform well on tests, learn the content, have a positive ex-
perience or hand in assignments on time. This review provides examples of all such perspectives
as well as contradictory results. For instance, procrastination behavior is generally seen as a “bad
strategy” [40, 62]. However, Goldstein et al. [60] found that procrastination does not necessarily
decrease performance; it is the consistency of behaviors that matter. A student who usually starts
assignments late may perform at the same level as one who usually starts early, but when an early
starter starts late, the performance declines.

We believe it will be challenging to conclusively define good or bad computing study behaviors,
even with more research on the topic. Perhaps a better approach for researchers and educators
going forward is to focus on how knowledge about how students do study can help educators
support students in developing effective study behaviors. All such discussion should of course
keep in mind that the student is a complex being and that there is major individual variation
between students.

In addition, while this review provides many examples of using study behaviors to explain the
“quantity of learning,” another perspective to explore is the quality of learning [44]. To do this,
the computing education research community needs to place additional focus on exploring study
behaviors. Only one-third of the reviewed papers aimed to identify study behavior, and only a
few included perspectives across courses. Supporting students in their ability to learn how to
learn is a potential next step for the computing education community. A holistic approach to stu-
dent learning—considering more aspects of study behavior and educational context together—can
be one important step. An additional avenue to pursue is including aspects of study behavior
as indicators of success, broadening the perspective of academic success beyond grades and test
results.

Another important finding in this review is that study time is a common variable to evaluate
study behavior. Together, time management and engagement were by far the most common study
terms, used in 44 of the included papers. However, study time is a debated metric. Some papers
report that time spent studying can predict performance when seen in relation to other variables,
such as previous experience and the learning environment [107, 119, 128, 137, 145]. These papers
all emphasize the context, and that study time alone does not seem to be a good indicator of perfor-
mance. Similar concerns have been raised about the quality of study time data as well as defining
what it means to study computing specifically [135]. Moreover, the unresolved question of what
study time data can tell us is supported by the current review—namely, that most behaviors are de-
fined based on data and not on theoretical or established definitions. For example, it is interesting
to consider what we can learn from timestamp data. As established, there is a theoretical differ-
ence between time management and time engagement, where the former is an aspect of cognitive
control and the latter an actualization of said control, and timestamp data alone provides limited
insight into the cognitive perspective.

The contribution of this section is an overview of where the focus in the field has been. Study
behaviors in computing education have mainly played a supporting role in the investigation of
academic performance [71, 100]. There are opportunities to improve our understanding of student
learning by expanding the role of study behaviors in research and practice. In this work, the taxon-
omy can play an important role in setting the boundaries for coherently defining study behaviors
across the community. Accordingly, we emphasize that this taxonomy is not a model for students’
behaviors, only a road-map to understand them.

7.3 Educational Context and Study Behaviors (RQ3)

Regarding the third research question, which explores the relation between educational context
and study behaviors, the main finding is related to what was present in the reviewed literature
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and what was missing. We found that research on study behaviors in computing education has
been overwhelmingly focused at the undergraduate level, with a specific focus on introductory
programming courses. The research has also mainly looked at study behavior under “traditional”
teaching approaches in on-campus settings—that is, courses with a typical weekly progression of
lectures and assignments. The prevalence of traditional designs is not surprising, considering this
has been the dominant approach to educational delivery [100], but with increasing variation in ap-
proaches and settings, there is a need for more research on the alternatives. For example, it would
be interesting to see more research on graduate-level study behavior and comparative approaches
investigating whether there is a difference between levels and why. As most of the reviewed pa-
pers only provide snapshots of students’ behavior in one particular course, it would be particularly
interesting to see longitudinal approaches following groups of students throughout their studies
to investigate how their study behaviors and awareness thereof develop with increased study ex-
perience. Latitudinal approaches (comparing behavior in several courses taken by the same group
of students) could also be of interest to see the extent to which they adopt different behaviors in
different courses and why. In these broader research approaches, we could also further explore the
role of informal learning [13] and social interactions [9], two areas that have been largely over-
looked in the research. Such research might also help illuminate some of the relationships between
educational contexts and study behavior, which are currently unclear.

An important factor not present in most of the published work is the institutional structure,
social context, and cultural context surrounding education. One concrete example is the age of the
students and their level of independence. In Nordic countries, students enter higher education at
the age of 19, while in the US, they may be 17 years old. When discussing study behavior, there
is a large difference between 19 and 17, and when further considering the difference in the level
of independence for these students, this divide increases. These social factors play an important
role for students in their learning [150]; however, such factors are not present in discussions on
computing students’ study behavior. In the detailed taxonomy in Figure 4, we include balancing
student life, where, for example, the presence of part-time jobs is a factor. Only one paper in the
review included such an aspect of student life outside of academics [158]. To be able to account
for such differences, there is a need to adopt a standard for including and describing educational
design parameters at an established level of detail. These are variables outside of educators and
researchers’ control; however, we argue that they should be a factor considered when interpreting
results or designing interventions.

This third research question makes the valuable contribution of revealing the importance of ed-
ucational context. In the taxonomy, this emphasis is illustrated by adding educational context as
an encompassing construct with specific terms. Altering the educational context can change the
quality of student learning [110], and some concrete examples of the relation between different ed-
ucational contexts and the study behavior constructs are summarized in Table 10. The educational
contexts present in the published works range from very large classes to small student groups in
online, blended, and on-campus settings. Many of the included papers, though, lacked descriptive
detail about the educational context.

7.4 Implications

For educators, the value of this review lies mainly in the collection and mapping of research
on study behaviors in computing education. The fragmented domain limits our ability to draw
conclusions or make recommendations for educators to best support effective study behaviors.
We have found some examples of how explicitly teaching students about study behavior, such as
time management and planning, results in increased performance and experience [32, 42, 70, 81].
Furthermore, there does seem to be room for action when it comes to designing and structuring
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courses and programs to support students as they learn to learn, as explored in Table 10. Finally,
we hope that the extended taxonomy presented in Figure 4 can serve as a guide for educators
seeking to understand how students do (or do not) study.

For researchers, we outline the domain of study behaviors and identified some areas for future re-
search. In addition, we propose a taxonomy for study behavior constructs and terms in computing
education, which can be used to inform future research in the field. As with any proposed theoret-
ical or conceptual frameworks, we expect it will need further development and validation [102].
Based on this review, we would like to summarize some recommendations for future researchers:

• Provide clear definitions of the study behavior constructs being researched.
• Avoid turning to self-defined definitions where theoretical frameworks are available.
• Refrain from making assumptions about what behaviors are good or bad.
• Be specific when describing the educational context of the research.

In addition, there are some gaps in the research and possible future research questions:

• Exploring the computing discipline specifically: Are computing students different than oth-
ers? Do computing topics imply or rely on specific study behaviors? Are the methods and
variables used to research study behaviors in computing appropriate and accurate?
• Expanding the perspectives on educational and pedagogical contexts: What is happening

outside and between courses? How are students developing their study behaviors through-
out their studies? Are there educational designs or teaching approaches that can support
students’ study behaviors?
• Exploring the roles of informal and social learning in computing: What are students doing

outside of organized, formal learning? What social behaviors are important for learning
computing?

Although the measurement of study behaviors in computing education research was not the
main focus of this systematic review, we cannot avoid addressing how behaviors are being re-
searched and the link to theory. Considering the prevalence of self-defined, data-driven defini-
tions and the reliance on questionnaires found in the reviewed works, it seems to be the data
points that drive research on study behaviors rather than theory. This approach has implications
for future practice and research, and it is important to raise the question of whether we measure
what we think we are. As Prather et al. [130, p. 11] point out, “self-report measurements of cog-
nitive control, such as the MSLQ, often measure what students think they do, rather than what
they actually do.” The limitations of self-reported measurements are one thing, but we must also
consider how researchers interpret data from other sources. Computing education has the benefit
of access to much log-file data on students; however, we must be careful in what we can infer from
such data [130]. There have been some interesting developments on how log-file data can be used
to identify cognitive processes, and calls have been made for further development into identify-
ing effective indicators across disciplines [153] and for dealing with the invisible activities that
happen in breaks of data [94]. There are also some developments in the field of learning analytics
and multi-modal data in connection to cognitive processing that will be interesting for comput-
ing education to follow [21, 55]. With the abundance of data available to computing education
researchers through compilers, version control systems, and IDEs, computing education research
is well situated to be a part of this development.

7.5 Limitations

The main limitations of this review are biases in the selection, search, and data extraction. The
choice to limit the review to English publications may have led to the omission some papers and
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may be a partial explanation for why North America and Australia/New Zealand were found to
have larger output relative to population. Some researchers in various countries may treat com-
puting education research as a side topic, whereas their main research is primarily technical com-
puter science. While focusing on English language venues for their main research, they might,
to some extent, present the education-related works in lower-prestige national venues. However,
if we were to include papers in the few non-English languages that we also understand, then
it would likely have led to more bias, not less, and would have reduced the review’s repeata-
bility for researchers of different language backgrounds. The choice to focus on English is com-
monly made for systematic reviews. Furthermore, there might be educators and researchers out
there who do not publish their investigations of study behaviors. Hence, this systematic litera-
ture review is limited to what peer reviewers have accepted, not what practitioners attempt to
research.

The authors attempted to ensure an unbiased review process by developing a research protocol
in advance with predefined research questions. The search string was developed using the research
questions and considering a possible lack of standardization in keywords, as they can be discipline-
and language-specific. Furthermore, we performed a search in relevant conferences and journal
databases for the computing education discipline. In the data extraction and analysis phase, steps
were taken to ensure that at least two authors independently examined the data. Based on the
finding that theoretical definitions were lacking, we reflected on the implications of our quality
criteria. The use of theory was not required for inclusion, which is not uncommon for literature
reviews of this sort. Although the quality of the included research papers can be questioned, we
do not believe that this possibility substantially diminishes the contributions of the article. Finally,
the selected methodology is an in-depth investigation of a relatively narrow area, using specific
and pointed research questions that entail certain limitations [10].

8 CONCLUSION

This review of study behaviors in computing education research aimed to investigate how the
computing education research community has approached computing students’ study behavior.
In total, we analyzed 107 peer-reviewed articles from 1994 to 2019. We explored how study behav-
iors are defined and included in the research as well as the role of the educational context within
the computing education field. The results indicate that what computing students do both in and
outside the classroom when learning computing topics is of increasing interest to researchers and
educators. We also found that that the terminology used to define study behaviors is challenging
to navigate. Many different theories and data analysis approaches are in use, providing an excel-
lent foundation to further strengthen the relationship between computing education and higher
education disciplines [3]. However, there currently is a need to create common ground between
higher education theories and definitions and computing education research. Simultaneously, ed-
ucational context plays an under-communicated role in existing research, and context needs to be
included in future works in a systematic way. The nature of the computing education discipline
can facilitate great progress in gaining and utilizing knowledge about how students study. Never-
theless, when researching study behavior, the field of computing education can benefit from not
“reinventing the wheel” for every new experiment and dataset, and the taxonomy of study behav-
iors in computing education presented in this article can provide a good starting point. We intend
for this article to serve as a resource for the computing education research community to help prac-
titioners find relevant work on study behaviors and to help researchers make clear contributions
to the literature.
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APPENDIX

A COMPLETE LIST OF INCLUDED PAPERS

Table 11. List of Selected Papers in Alphabetical Order by Author

Title Year Author(s) Paper ID

A Study of Pair Programming Enjoyment
and Attendance using Study Motivation
and Strategy Metrics.

2018 Aarne et al. [1] 1

The effects of extra credit opportunities on
student procrastination.

2013 Allevato and Edwards [2] 2

Gender Differences in Students’ Behaviors
in CS Classes throughout the CS Major

2017 Alvarado et al. [4] 3

Assessment of self-regulated attitudes and
behaviors of introductory programming
students

2012 Ambrosio et al. [5] 4

Altering Study Habits with Email
Reminders.

2013 Au et al. [6] 5

Prior Knowledge Dwarfs Hard Work in
Achieving Academic Performance

2017 Au et al. [7] 6

Harmful Study Habits in Online Learning
Environments with Automatic Assessment

2015 Auvinen [8] 7

When Life and Learning Do Not Fit:
Challenges of Workload and
Communication

2012 Benda et al. [11] 8

Promoting Students’ Social Interactions
Results in an Improvement

2018 Cabo and Satyanarayana
[19]

9

Retaking object-oriented programming
quizzes for study habit insights and
improvements

2019 Carpenter and McCusker
[20]

10

Using learning style data in an
introductory computer science course

1999 Chamillard and Karolick
[22]

11

Learning styles across the curriculum 2005 Chamillard and Sward [23] 12
Study habits of CS1 students: what do they
do outside the classroom?

2010 Chinn et al. [24] 13

Finding traces of self-regulated learning in
activity streams.

2018 Cicchinelli et al. [25] 14

Facilitating Course Assessment with a
Competitive Programming Platform

2019 Coore and Fokum [27] 15

Introducing and Evaluating Exam
Wrappers in CS2

2016 Craig et al. [28] 16

Predicting Success in University First Year
Computing Science Courses: The Role of
Student Participation in Reflective
Learning Activities and in I-clicker
Activities

2015 Cukierman [31] 17

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

The Academic Enhancement Program:
Assessing Programs Designed to Support
Student Success

2019 Cukierman et al. [32] 18

Teaching and assessing programming
strategies explicitly

2009 de Raadt et al. [33] 19

Predictors of academic achievement of
student ICT teachers with different
learning styles

2009 Deryakulu et al. [34] 20

Comparing effective and ineffective
behaviors of student programmers

2009 Edwards et al. [41] 21

Examining Classroom Interventions to
Reduce Procrastination

2015 Edwards et al. [40] 22

The academic enhancement program in
introductory CS: A workshop framework
description and evaluation

2011 Egan et al. [42] 23

Can Interaction Patterns with
Supplemental Study Tools Predict
Outcomes in CS1?

2016 Estey and Coady [45] 24

Study Habits, Exam Performance, and
Confidence: How Do Workflow Practices
and Self-Efficacy Ratings Align?

2017 Estey and Coady [46] 25

Automatically Classifying Students in
Need of Support by Detecting Changes in
Programming Behaviour

2017 Estey et al. [47] 26

From Study Tactics to Learning Strategies:
An Analytical Method for Extracting
Interpretable Representations

2019 Fincham et al. [48] 27

Improving Study Methods of Computer
Engineering Undergraduates in Singapore

1996 Foo and Ng [49] 28

Exploring students learning behavior with
an interactive etextbook in computer
science courses

2014 Fouh et al. [51] 29

The professor on your PC: a virtual CS1
course

2009 Gal-Ezer et al. [54] 30

Learning and the Reflective Journal in
Computer Science

2002 George [56] 31

Student Behaviour in Unsupervised Online
Quizzes: A Closer Look

2018 Gholami and Zhang [58] 32

How Widely Can Prediction Models Be
Generalized? Performance Prediction in
Blended Courses

2019 Gitinabard et al. [59] 33

A study on students’ behaviours and
attitudes towards learning to program

2012 Gomes et al. [61] 34

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

The learning context: Influence on learning
to program

2009 Govender [62] 36

Insights on supporting learning during
computing science and engineering
students’ transition to university: A
design-oriented, mixed methods
exploration of instructor and student
perspectives

2017 Guloy et al. [63] 37

Psychology assisted prediction of academic
performance using machine learning

2016 Halde et al. [65] 38

Supporting quality teaching using
educational data mining based on
OpenEdX platform

2017 Han et al. [66] 40

Improving first-year success and retention
through interest-based CS0 courses

2012 Haungs et al. [68] 41

Metacognitive calibration when learning to
program

2017 Hauswirth and Adamoli [69] 42

Improving Study Skills by Combining a
Study Skill Module and Repeated
Reflection Seminars

2019 Hedin and Kann [70] 43

On the Bimodality in an Introductory
Programming Course: An Analysis of
Student Performance Factors

2015 Höök and Eckerdal [76] 45

Stereotype Modeling for Problem-Solving
Performance Predictions in MOOCs and
Traditional Courses

2017 Hosseini et al. [73] 46

ASSISTing CS1 students to learn: learning
approaches and object-oriented
programming

2006 Hughes and Peiris [74] 47

How Can Learning Analytics Improve a
Course?

2017 Hui and Farvolden [75] 48

Study strategies of online learners 2011 Iscioglu [77] 49
Teaching programming by emphasizing
self-direction: How did students react to
the active role required of them?

2013 Isomöttönen and Tirronen
[78]

50

Flipping and Blending—An Action
Research Project on Improving a
Functional Programming Course

2016 Isomöttönen and Tirronen
[79]

51

Issues with a course that emphasizes
self-direction

2013 Isomöttönen et al. [80] 52

Effects of a Program Integrating Course for
Students of Computer Science and
Engineering

2016 Kann and Högfeldt [81] 53

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

CS minors in a CS1 course 2008 Kinnunen and Malmi [84] 54
Through the eyes of instructors: a
phenomenographic investigation of
student success.

2007 Kinnunen et al. [85] 55

Penetrating the black box of time-on-task
estimation

2015 Kovanović et al. [89] 56

Examining communities of inquiry in
Massive Open Online Courses: The role of
study strategies

2019 Kovanović et al. [90] 57

An expert system for the prediction of
student performance in an initial computer
science course

2017 Kuehn et al. [91] 58

The Effectiveness of Video Quizzes in a
Flipped Class

2015 Lacher and Lewis [93] 59

Pauses and spacing in learning to program 2016 Leppänen et al. [94] 60
Behaviors of Higher and Lower Performing
Students in CS1

2019 Liao et al. [95] 62

Exploring the Network Dynamics in a
Flipped Classroom

2018 Lin and Wu [96] 63

Cross-cultural education: learning
methodology and behaviour analysis for
Asian students in IT field of Australian
universities

2010 Lu et al. [99] 64

Problem-based learning with database
systems

1994 Ma [101] 65

Video-based instruction for introductory
computer programming

2014 Manley and Urness [103] 66

The Effects of Procrastination
Interventions on Programming Project
Success

2015 Martin et al. [105] 67

Game elements in a software engineering
study group: A case study

2017 Matsubara and da Silva
[108]

35

When Practice Doesn’t Make Perfect:
Effects of Task Goals on Learning
Computing Concepts

2011 Miller and Settle [111] 71

Making connections: First year transition
for computer science and software
engineering students

2005 Moffat et al. [112] 72

Modeling Students Self-studies Behaviors 2015 Mota et al. [113] 73
Social Help-seeking Strategies in a
Programming MOOC

2018 Nelimarkka and Hellas [114] 74

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

Undergraduate students in a computer
engineering course: a perspective of their
learning approaches and motivation factors

1997 Ng and Ng [117] 75

Examining the mediating role of learning
engagement, learning process and learning
experience on the learning outcomes
through localized real case studies

2014 Nkhoma et al. [118] 76

Investigating Students’ Achievements in
Computing Science Using Human Metric

2014 Okike [120] 77

Illustrating performance indicators and
course characteristics to support students’
self-regulated learning in CS1

2015 Ott et al. [121] 78

Does the introduction of an overall study
strategy empower students to use
appropriate study strategies?

2017 Oysaed et al. [122] 79

What’s the Problem? Teachers’ Experience
of Student Learning Successes and Failures

2007 Pears et al. [124] 80

Revisiting why students drop CS1 2016 Petersen et al. [125] 81
Approaches to studying in first-year
engineering: comparison between
inventory scores and students’ descriptions
of their approaches through interviews

2018 Pettersson et al. [126] 82

Anchoring interactive points of interest on
web-based instructional video: effects on
students’ interaction behavior and
perceived experience

2019 Pimentel et al. [127] 83

SAT Does Not Spell Success: How
Non-Cognitive Factors Can Explain
Variance in the GPA of Undergraduate
Engineering and Computer Science
Students

2019 Scheidt et al. [136] 87

Evaluating a Linked-courses Learning
Community for Development Majors

2015 Settle et al. [138] 89

Ludwig: an online programming tutoring
and assessment system

2005 Shaffer [139] 90

Study Habits of CS 1 Students: What Do
They Say They Do?

2013 Sheard et al. [140] 91

On multi-device use: Using technological
modality profiles to explain differences in
students’ learning

2019 Sher et al. [141] 92

Predicting Student Performance Based on
Online Study Habits: A Study of Blended
Courses.

2018 Sheshadri et al. [142] 93

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

An Exploration of Grit in a CS1 Context 2018 Sigurdson and Petersen
[143]

94

Predictors of success in a first
programming course

2006 Simon et al. [144] 95

Analyzing self-reflection by Computer
Science students to identify bad study
habits: Self-reflection performed by
students of programming courses on the
study habits and skills acquired through
b-learning supported by an automatic
judge

2010 Sustelo and Guerreiro [146] 96

Gender neutrality improved completion
rate for all

2016 Svedin and Bälter [147] 97

Repertory grid: investigating personal
constructs of novice programmers

2011 Thota [149] 98

The influence of Web-supported
independent activities and small group
work on students’ epistemological beliefs

2004 Tolhurst [151] 99

How novices tackle their first lines of code
in an IDE: Analysis of programming
session traces

2014 Vihavainen et al. [154] 101

Approaches of Learning and
Computational Thinking in Students that
get into the Computer Sciences Career

2018 Villalba-Condori et al. [155] 102

The use of lecture videos, eBooks, and
clickers in computer courses

2014 Vinaja [156] 103

Pedagogical Intervention Practices:
Improving Learning Engagement Based on
Early Prediction

2019 Wan et al. [157] 104

SmartGPA: how smartphones can assess
and predict academic performance of
college students

2015 Wang et al. [158] 105

The combined effect of self-efficacy and
academic integration on higher education
students studying IT majors in Taiwan

2010 Weng et al. [159] 107

Teaching OO concepts—A new approach 2004 Westin and Nordstrom [160] 108
Implementation of alternative pacing in an
introductory programming sequence

2003 Whittington et al. [161] 109

Using online self-assessment in
introductory programming classes

2006 Williams et al. [162] 110

On study habits on an introductory course
on programming

2015 Willman et al. [164] 111

(Continued)
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Table 11. Continued

Title Year Author(s) Paper ID

A Spaced, Interleaved Retrieval Practice
Tool that is Motivating and Effective

2019 YeckehZaare et al. [166] 112

Effects of YouTube videos as pre-lecture
preparation

2019 Yim et al. [167] 113

Investigation of the Relationship between
Learning Process and Learning Outcomes
in E-learning Environments

2015 Yurdugul and Menzi Cetin
[168]

114

Finding competence characteristics among
first semester students in computer science

2015 Zehetmeier et al. [169] 115

DataLab: Introducing Software
Engineering Thinking into Data Science
Education at Scale

2017 Zhang et al. [170] 116

The Effects of ICT Use on Chinese College
Students’ Study Behavior in B-learning
Evaluating B-learning Effectiveness via
Causal Model

2019 Zhao et al. [171] 117

Impact of Student Achievement Goals on
CS1 Outcomes

2016 Zingaro and Porter [173] 118

Achievement Goals in CS1: Replication and
Extension

2018 Zingaro et al. [172] 119

Paper ID refers to the key in the results from the coding process at this link [removed for anonymous review but will be

made available in an online format upon publication].
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