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ABSTRACT Over the past decade, epistemic network analysis (ENA) has emerged as a quantitative
ethnography tool for modeling discourse in different types of human behaviors. This article offers a
comprehensive systematic review of ENA educational applications in empirical studies (n=76) published
between 2010 and 2021. We review the ENA methods that research has relied on, the use of educational
theories, their method of application, comparisons across groups and the main findings. Our results show
that ENA has helped visually model the coded interactions and illustrate the connection strength among
elements of network models. The applications of ENA have expanded beyond discourse analysis to several
new areas of inquiry such as modeling surveys, log files or game play. Most of the reviewed articles used ENA
based on educational theories and frameworks (n=53, 69.7%), with one or more theories per article, while 23
articles (30.3%) did not report theoretical grounding. The implementation of ENA has enabled comparisons
across groups and helped augment the insights of other methods such as process mining, however there is
little evidence that studies have exploited the quantitative potential of ENA. Most of the reviewed studies
used ENA on small sample size with manually coded interactions with few examples of large samples and
automated coding.

INDEX TERMS Epistemic network analysis, quantitative ethnography, network analysis, learning analytics,

systematic review.

I. INTRODUCTION

Epistemic network analysis (ENA) has emerged as a method
for discourse modeling. The method builds on the notion
that ““the connections between ideas and actions are more
significant to the learning process than either ideas or actions
separately” [1]. ENA was developed to make sense of such
connections using a repertoire of network-based methods that
include visualizations and statistical modeling [2]. The net-
work visualization of ENA models the co-occurrence of, for
example, codes in discourse, activities in log files, or elements
of interaction in a chat [3]. Whereas the method has been
conceptualized in education research, it has been used in
a wide variety of research questions and applications [4].
Recently, ENA became part of a growing new community
of quantitative ethnography that extends to different types
of human behavior and applications [4]. Shaffer [5] defines
quantitative ethnography (QE) as a strategy that integrates
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statistical inference with the interpretive capability of quali-
tative, grounded analysis. In addition to ENA, other methods
were developed, such as Shaffer’s rho for measuring the
inter-rater reliability to improve the level of calculation of
agreement between data coders [6]. Moreover, to facilitate
coding, the nCoder tool was developed [7]. The package was
recently updated to ncoder+ with a semantic add-on to solve
the low recall of nCoder [8]. Similarly, the Reproducible
Open Coding Kit (ROCK) tool was developed to ease human
coding [9].

Shaffer et al. [10] argued that although network analy-
sis offers an alternative to traditional statistical methods for
modeling collaborative interactions, many network analyses
illustrate the nodes’ connections of large networks using
summary statistics. ENA can help solve this shortcoming
by offering an — arguably — better visualization that better
summarizes large numbers of nodes in a network. The authors
also argued that with traditional network analysis, it is diffi-
cult to visually compare two networks if the nodes and edges
are not in the same location in a visualization and, therefore,
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ENA could offer comparable layouts for networks [11]. ENA
was then developed to address these issues by using several
mathematical principles that aim to quantify the strength of
connections and offer fixed layouts as well as several options
for comparing networks across groups [2]. Another feature
of ENA was its emphasis on modeling dynamic interactions,
which showed how and when different codes were shared
among collaborators [10]. Due to the flexibility of the method
and the presence of free and simple tools, ENA has since been
used to model a wide array of topics and problems across
several fields [12]-[14].

Recently, the presence of vast amounts of quantitative and
qualitative data about learners and their behavior kindled
the interest in exploring ENA in diverse applications. For
instance, ENA has been used to explore learners’ collabora-
tive interactions and their engagement in different learning
activities [15]-[19]. Other common uses of ENA include
the exploration of professional epistemic frame development
among students [12]-[14], [20]-[22]. ENA has also been
explored as a method to predict learning performance [23].
Comparison across groups is a common technique to deter-
mine how groups differ in their collaboration, thinking, and
strategies or approach to learning [24]. Many studies have
compared student activities, such as students’ collabora-
tion using chat data [15], interactions using online discus-
sions [23], performance in online assignments [25] and stu-
dents’ progress [26].

A scoping review released in 2021 offered a brief overview
of papers that studied quantitative ethnography (QE) [4].
Whereas the scoping review addressed the main threads of
research, several issues require examination regarding the
analysis of research methods, for example, the application
of ENA in different educational levels and specialties, the
use of educational theories, comparison across groups, and
the implication of ENA use in interpretating educational
context as well as research findings, for example, impact and
contributions. This systematic literature review offers an in-
depth review of the topic addressed by the scoping review and
addresses the shortcomings thereof. We then offer a much-
needed discussion about how ENA has fulfilled its promises.
To that end, we present a systematic review that highlights
the uses, methods, applications of ENA methods as well as
the gaps. The article addresses these issues by answering the
following research questions.

o What ENA methods have been used to address educa-
tional applications and how?

o What are the main findings [results] from research stud-
ies that have employed ENA methods in education?

Il. BACKGROUND

Epistemic network analysis (ENA) offers techniques for indi-
vidual and collaborative contexts that use the so-called epis-
temic frames theory to model acting and thinking or the
behavior of, for example, a community of practice (CoP) [27].
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A CoP is a group of people who share a repertoire of knowl-
edge and approaches to similar problems and goals [28].
Individuals reframe their identities and interests in connec-
tion to such communities as a result of participation in
their practices. The identity of a CoP can be described as
epistemic frames with five primary elements: skills, knowl-
edge, identity, values, and epistemology [29]. ENA can
model individual and group learning characteristics, such as
action, communication, and cognition, by representing them
as nodes in an epistemic network. The nodes are connected
by edges, and the relative weighting of the edges reflects the
strength of association between the nodes [10].

An important step in ENA is to code the dataset of dis-
course or activities. Coding is the process of bridging two
worlds: the world of events and the world of interpretation
by investigating how the codes from a Discourse (upper-case
D for community discourse) are systematically related to one
another in the discourse (lower-case d signifying a person
or group of people) [30], [31]. For example, in an urban
planner epistemic game, Nash and Shaffer [20] evaluated the
extent to which students imitated their mentor’s Discourse
by determining whether they made the same connections as
their mentors over time and if they could develop the ability
to think like professional urban planners.

In ENA, the data are divided into segments — called
stanza — based on the nature of the data and the research
question. Elements within the same stanza are connected
and linked together in the ENA model, whereas elements
in the different stanzas are not. Chasler et al [32] showed
that the co-occurrence of elements in a stanza is important
for understanding the meaning of the discourse and offers
a good approach to model the cognitive interactions. The
main process of ENA starts by creating a matrix that rep-
resents the links between codes created by each data line.
These matrices are summed to construct the network that is
placed in space, where each dimension corresponds to the
association between unique pairs of codes to represent the
connectivity and strength of the codes. Then the network
visualization is generated by aligning the projected points
in space [10]. The position of the nodes and the centroid of
the network are computed to generate network visualizations.
The resulting ENA model contains information about (i)
Codes (nodes), which are the people/ concepts connected in
the ENA model, (ii) Relations (edges), which is how codes
relate to each other, (iii) Stanzas, which are the units of
identification based on either time or process, and finally (iv)
Evidence, which verifies the connection between codes [33].
ENA can be performed using the web tool or the R package
rENA [34]. It is beyond the scope of this review to offer
a comprehensive overview of ENA, and readers interested
in reading more about the theory and methods are advised
to refer to the tutorial by Shaffer er al. [10] or Shaffer’s
textbook on quantitative ethnography [5]. For more about
the mathematical foundations, readers are advised to read the
work of Bowman et al. [2].
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lll. METHODOLOGY

The authors followed the Preferred Reporting Items for Sys-
tematic reviews and Meta-Analyses (PRISMA 2020) which
is a popular framework widely used across health, social
and educational sciences for systematic reviews [35] and the
eight essential steps of systematic review by Okoli [36]: (1)
identify the purpose; (2) draft protocol; (3) apply practical
screen; (4) conduct literature search; (5) extract data; (6)
appraise quality; (7) synthesize studies; (8) write the review.
The following section presents the main steps and how they
were performed in the study.

A. IDENTIFY THE PURPOSE

The authors identified the lack of a comprehensive synthesis
of ENA research and the clear need for a systematic review
of epistemic network analysis in education based on research
questions.

B. DRAFT PROTOCOL

After identifying the purpose and scope of the review, the
second critical step prepares the protocol, which is a plan
for the review steps to minimize researcher bias during study
selection and data extraction [37]. Based on Fink [38], the
authors frequently met to draft the protocol by writing down
the strategy for conducting the review and practiced following
the protocol to ensure complete reproducibility and consis-
tency in the review execution. The protocol included gener-
ating the research question, the predefined strategy for the
literature search, the search locations, the selection criteria,
the assessment of studies, the data extraction strategy, and the
planned timetable [37].

C. APPLY PRACTICAL SCREEN

The inclusion and exclusion criteria used in the selection of
studies were based on the research questions and guided by
previous reviews, for example, [39]. Articles that addressed
an empirical ENA problem in education according to the
following inclusion and exclusion criteria were included:

1. Articles are written in English.

2. The article is available as a full text and is peer
reviewed. Thus, editorials, conference abstracts, and
workshop proposals were excluded.

3. The research must be an empirical study that col-
lects and analyzes empirical data with the appropriate
methodology and results. Thus, reviews and theoretical
or incomplete reports were excluded.

D. LITERATURE SEARCH

We identified five databases covering research at the intersec-
tion of social, educational and computer sciences relevant to
our research questions: Scopus, Web of Knowledge, Springer,
ERIC, and ACM Digital library as well as the first and
second editions of international conferences of quantitative
ethnography conferences (ICQE 2019 and ICQE 2020). The
search formula was selected to cover all existing articles that
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are relevant to our research question. We used keywords with
a wild card to capture all forms of the keyword. Thus, epis-
temic network® was selected to capture epistemic networks,
epistemic networking, and epistemic network; quantitative
ethnograph™ was selected to capture quantitative ethnography
and quantitative ethnographies. To capture keywords related
to education, we used educat™ to capture keywords based on
the same stem, for example, education and educator. Sim-
ilarly, learn (e.g., learning, learner), teach* (e.g., teaching,
teacher), train* (e.g., learning, learner), collaborat™® (e.g., col-
laboration, collaborative), cooperat® (e.g., cooperation, coop-
erative) and student® (e.g., student, students). Accordingly,
the following search formula was used:

“epistemic network x” OR “quantitative ethnographx="’)
AND (“educatx” OR “learnx” OR “teach+” OR ‘“‘trainx”
OR “collaborat+” OR “cooperatx”’ OR studentx)

The search was conducted from 15 to 20 February 2021.
The search yielded 395 articles from all selected databases
(129 articles from Scopus, 48 articles from Web of Science,
176 articles from Springer, 23 articles from ERIC, and 19 arti-
cles from ACM digital library). All articles were imported
into the Rayyan web-based system for analysis. Duplicates
were removed, resulting in 291 articles. The abstracts, titles,
and keywords of the first 100 manuscripts were indepen-
dently scanned and reviewed by the first and second authors.
The inter-rater agreement was 0.86, and manuscripts that
had any conflict were discussed. The disagreements were
resolved, and the first author proceeded with the filtering.
The authors met to discuss and resolve uncertainties. The title
and abstract scan resulted in 146 articles eligible for full-
text review, which resulted in 82 eligible studies based on
inclusion and exclusion criteria.

E. DATA EXTRACTION

Data extraction is the process by which authors captured the
key information and categories of the included studies in
the form of a codebook. To increase efficiency, minimize
individual variation between reviewers, and reduce error in
data analysis, the study adopted a codebook from a previ-
ous coding scheme of Kaliisa er al. [4] for data extraction
and categorization. Furthermore, the authors adopted other
categories that related to educational research, such as the-
ory background [28], [40], participants’ educational level,
coding [41], comparisons, outcomes, and implications for
education [42]. Accordingly, the extracted data included (1)
year and publication type, (2) sample and population cate-
gories, (3) the raw data source in each study, (4) comparisons
between study groups, (4) type of coding in each study and
its method of application, (5) the theoretical background and
(6) the main findings of each article. The coding was initially
performed by two coders independently for 10 studies. There-
after, they discussed the coding challenges and finalized the
codebook. One of the coders then continued with coding the
articles and met with the second coder to discuss and resolve
uncertainties.
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FIGURE 1. The study selection process.

F. QUALITY APPRAISAL

The extracted papers were examined more closely for quality.
Four papers were excluded as they failed to meet the quality
standards established by Fink [38] for presenting methodol-
ogy, results, and conclusions. Two articles were excluded as
they have the same sets of data published in a different journal
and/ or conferences. Ultimately, 76 studies were included in
the systematic review (Appendix). The flow diagram of the
review process is shown in Figure 1.

G. SYNTHESIZE STUDIES

In this stage, the authors assembled, discussed, and analyzed
the data to obtain a comprehensive sense of the collected
data. The synthesis stage involves moving from an author-
centric to a concept-centric perspective by mapping all data
evaluation and incorporating it into the review’s hypothesis
and structure [43].

IV. RESULTS

In this section we will present the descriptive analysis of the
reviewed studies, study populations, source of raw data, com-
parisons included in the studies, coding, theoretical underpin-
nings and the main research findings in the reviewed studies.

A. DESCRIPTIVE ANALYSIS OF THE REVIEWED STUDIES
The total number of studies was 76 (Figure 2). Most studies
were journal articles (n=43, 56.6%), and the rest were con-
ference papers (n=33, 43.4%). The studies were published
between 2010 and 2021. The maximum number of studies
in any year was 25 studies in 2019, when the first QE inter-
national conference was held in October 2019, followed by
2020 (21 studies) and 2021 (9 studies).
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FIGURE 3. Sample size in different population categories.

B. STUDY POPULATION

Most of the included studies were conducted on university
students (n=39, 51.3%), followed by 23 articles (30.3%) on
school students in all levels, five studies (6.6%) on teachers,
postgraduate students in four articles (5.3%), three articles
(3.9%) on simulator trainees as a part of continuous medical
education, and three articles (3.9%) based on Massive Open
Online Courses (MOOCs) (Figure 3). Most studies included a
small sample size of less than 100 (n=62, 81.6%), 11 studies
(14.5%) had 100-900 participants, and two studies (2.6%) had
more than 1000 participants [23], [44]. Only one study did not
report its study sample size [45].

C. RAW DATA FORM

The coded data were extracted from a diverse range of
sources, for example, online discussions, interviews, learner
interactions, surveys, log files, and other miscellaneous
forms (Figure 4). Online discussions were the source in
18 studies (23.7%), in which researchers explored, for
example, virtual internship discussions [26], [46]-[50],
online discourse [15], [18], [51]-[54] or community of
inquiry [23], [55]-[59].

Transcripts of recorded interviews were used in 16 arti-
cles (21.1%) to explore the epistemic frames in the com-
munity of practice [13], [60]-[62], games and assignment
interviews [14], [20], [21], [63], [64], students’ sense-making
of feedback [65]-[67] and reading strategies [68], [69].

Learners’ interactions were coded in 13 articles (17.1%),
other educational activities were coded in ten studies

17333



IEEE Access

R. EImoazen et al.: Systematic Literature Review of Empirical Research on Epistemic Network Analysis in Education

Source Studies
s1

Online Discussion 18(23.7%)

Interviews 16(21.1%

Learners'
interaction

13(17.1%)

Survey 11(24.5%)

Miscellaneous 10(13.2%)

Log File 527,538, 540, 555, 556, 60, 573,575 8(10.5%)

FIGURE 4. Sources of raw data.

[12], [16], [17], [19], [70]-[75]. Coded data of simulated
practices were used in three studies [76]-[78]. Survey
responses were coded in 11 articles (14.5%) either to assess
students’ gains [79]-[86] or to answer open-ended question-
naires [44], [87], [88].

Coding of data extracted from online log data was used in
eight articles (10.5%) in the form of game-logged data [45],
[89]-[92], students’ actions in LMS log files [24], [93] and
teacher’s online logs [94].

Finally, 10 articles (13.2%) were coded based on diverse
coding schemes, for example, eye movements [95], [96],
diagnostic activities [97], [98], written assignments [25],
[99], and coding of online postings [100], [101].

D. COMPARISONS

All 76 reviewed articles included comparisons that can
be grouped into one of eight categories (Figure 5). In
23 articles (30.3 %), the comparison was across levels of
participants’ performance, for example, high vs. low per-
formers [19], [23], [25], [50], [74], [76], [86], student com-
petency level [69], [102], quality of ideas [46], [73], learning
outcomes [80], [83], positive vs. negative gain [82], pro-
ficiency level [68], accuracy level [96] and correct graph
solving [95].

Temporal progress was compared in 19 studies (25%),
for example, to identify progress throughout the course
[13], [79], [84], [90]-[92], students’ epistemic frames
after course completion [14], [20], [21], [64], [81], [87]
and students’ progress throughout different game lev-
els [26], [45], [71], [89].

Context comparison occurred in 10 studies (13.2%) in
the form of comparison between virtual and face-to-face
mentoring [63], emotions towards online learning [101], 3D
animation vs. video only teaching [72], self-performance
and puppetry discourse [103], cognition in different multi-
media materials [18], learning strategy models [24], [88],
dimensions for learning progress diagnosis [97], scaffold-
ing methods [51] and discourse segmentation methods [47].
Comparisons between different participant categories were
reported in 10 studies (13.2%), for example, mentor vs. stu-
dent epistemic frames [12], [60], [70], dyads vs. individuals’
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Comparisons Studies

P 512, 513, 518, 520, 526, 531, 532, 542, 545, 546, 547, 548, 550, 553, 554, _23(30 39%)
555, 558, 559, 562, 564, 565,572, 574 2
S02, S03, S04, S0S, 510, S11 523, S25, S27, 533, $38, 540, 544, S51, 552,

S60, 568, 571,575

Participants 501,506, 509, 514, 516, $39, 561, 566, 573,576 10(13.2%)

Context 508, 515, 522, 529, 530, 541, 543, 556, 567, 569 10(13.2%)

Treatment & Control 517,524, S35, S36, 549 5(6.6%)
Experience S07, 519, 521,537 4(5.3%)
Courses $34,557,563 3(3.9%)
Perception 528,570 2(2.6%)

FIGURE 5. Comparisons categories.

Coding Type
Code_Type code_type_studies

32(42.1%)

19(25%)

Deductive

Inductive

Combination

FIGURE 6. Types of coding.

networks [16], [17], short readers vs. long readers [49], and
medical vs. teacher students [98].

Comparisons between a control group with limited scaf-
folding and a treatment group with scaffolding instructions
was performed in five studies (6.6%) [55]-[59]. Difterent lev-
els of experience of participants were compared in four stud-
ies [48], [61], [77], [100]. Finally, only three studies (3.9%)
compared different courses [66], [67], [104] and two studies
(2.6%) compared students’ perceptions of feedback [44], and
LA dashboards [65].

E. CODING

1) CODING TYPE

The coding of the selected articles was deductive, induc-
tive, or a combination of both (Figure 6). The deductive
coding was used in 32 (42.1%) articles with a top-down
approach based on codes derived from previous research.
Another 25 (32.9%) articles used inductive coding in a
bottom-up approach that was generated from the data with
no predefined coding framework using, for example, the
grounded theory approach [21], [25], [45], [49], [51], [54],
[60], [61], [64], [68], [69], [101], [102]. The third type of
coding, which was reported in 19 articles (25%), used a
combination of coding methods. Deductive codes were used
first and were based on previous studies, followed by the
inductive process of adding, extending, and refining codes.

2) CODING METHOD

The coding methods were reported in 67 articles (88.2%),
whereas nine (11.8%) articles did not report their method
of coding (Figure 7). Manual coding was conducted in the
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FIGURE 7. Methods of coding.
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Agrecment “Not
specified”

Krippendorft's (522,560
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Theortical Background  Studies
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Collaborative Learning 514,521, 523, 526, 531, 539, 566,572
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Projective Reflection 525, 538, 540, 560, 568

Others 515,528, 553,557

TPACK 534,546,552

Nature of Science $11,533,571

Cognition thearies 520,554,558

Microteaching 530,541

Computational
thinking

FIGURE 8. Reliability reported in the reviewed studies.

majority of articles (n=40, 52.6 %), most often by two
coders (n=35). The remaining articles ranged from a single
coder to nine coders. The manual coding was supported
with software tools in 19 articles (25%), for example, ncoder
automatic coding [26], [45], [47], [49], [ 73], [82], MAXQDA
2018 [84], [90]-[92] and NVivo [67], [104], automated cod-
ing algorithm [48], [77], Python [44], and linguistic tools
(LIWC and Coh-Metrix) [59].

Automatic coding was reported in eight studies (10.5%).
For instance, LDAtopic modeling was used to automatically
extract topics from the text [15], [23]. Similarly, automatic
text coding was performed by identifying the word stem
and its conjugations [25], and automatically generating log
files of students’ actions from learning management sys-
tem [24], [86], [93], or educational games [89]. Finally,
an algorithm was used to analyze eye-tracking during the
solving of graph tasks by determining areas of interest
(AOIs) [95].

3) RELIABILITY

Fifty-three articles (69.7%) reported agreement statistics
between the coders, whereas the remaining articles were
either not reported or not applicable (n=23, 30.3%) (Fig-
ure 8). The reliability was tested in 32 (42.1%) articles
using Cohen’s kappa. In addition, Shafer’s rho statistic
alongside the kappa test were reported in eight articles
(10.5%) [26], [47]-[50], [73], [77], [82]. Other reliability
tests were used less frequently, such as Krippendor?’s test
in two articles [97], [98] and Cronbach’s alpha in one arti-
cle [64]. On the other hand, five articles reported only the
percentage of agreement between coders [57], [68], [69],
[75], [100], and five articles reported that an agreement was
tested among coders, without specifying the type of agree-
ment used [79], [84], [90], [91], [101].
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FIGURE 9. Theoretical background in the reviewed articles.

F. THEORETICAL BACKGROUND IN SELECTED ARTICLES
Most of the reviewed articles use ENA based on educational
theories and frameworks (n=53, 69.7%), with one or more
theories per article, whereas 23 articles (30.3%) did not report
theoretical grounding (Figure 9).

1) COMMUNITIES OF PRACTICE (CoP)

CoP were the most commonly used theoretical framework.
One of the oft-cited definitions by Lave and Wenger [28],
describe CoP as “‘communities of people who share a com-
mon body of knowledge, a set of skills, a value system,
and a set of decision-making processes’. For any CoP,
the elements of the epistemic frame theory, ‘“‘the skills,
knowledge, values, identity, and epistemology,” are linked
together and shared by CoP members in their professional
context [29]. ENA was used to analyze networks of differ-
ent CoP in 16 articles (21.1%), for example, urban plan-
ning [12], [20], [63], [70], [79], [84], [90], teaching [50], [62],
[100], engineering [21], [61] and journalism [64].

2) COLLABORATIVE LEARNING (CL)

Johnson and Johnson [105] define collaborative learning as
a “set of teaching and learning strategies promoting stu-
dent collaboration in small groups in order to optimize their
own and each other’s learning”. ENA was used to study
students’ collaboration with each other and their mentors to
frame, examine, and solve complex problems in different
settings, for example, collaborative problem-solving (CPS)
[71], [73], [75] communities of inquiry [48], computer sup-
portive collaborative learning (CSCL) [49], project-based
engineering [19] and scientific reasoning processes [16].

3) SELF-REGULATED LEARNING THEORY (SRL)
An oft-cited definition by Panadero [106] describes SRL as
“a core conceptual framework to understand the cognitive,
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metacognitive, behavior, motivational, and emotional aspects
of learning.” Learners effectively control their learning
through internal and external feedback cycles of planning,
performance, and reflection to control metacognitive and
motivational behavior toward their goals in SRL. In the con-
text of SRL, ENA was used in seven articles (9.2%) to analyze
sequences of SRL processes [19], [93], identification of SRL
in learning strategies [24], metacognition reflections [99],
self-regulated behavior [86], feedback perception to adapt
SRL processes [66] and finally, students’ views in curriculum
based on SRL [87].

4) COMMUNITY OF INQUIRY (Col)

Garrison et al. [107] describe Col as ‘““a pedagogical frame-
work to examine the development of learning and cognition in
online environments through three dimensional relationships
called presences.” ENA was used to analyze the relationship
between one or more dimensions of Col in seven articles
(9.2%) [48], [55]-[59], [101].

5) PROJECTIVE REFLECTION (PR)

Foster et al. [79] define PR as ‘““a methodological and the-
oretical framework that considers learning as an exploration
of identity.” PR focuses on the integration between (I)dentity
in a specific community of practice and self (i)dentity which
reflects the personal goals. ENA explored identity in five arti-
cles (6.6%) through theoretical constructs of “Knowledge,
Interests/ Valuing, patterns of Self-organization/ Self-control,
and Self-perceptions/Self-definitions™ [79], [84], [90]-[92].

6) TECHNOLOGICAL PEDAGOGICAL CONTENT KNOWLEDGE
(TPACK)

Koehler & Mishra [108] define TPACK as ““a teaching knowl-
edge base that integrates the teachers’ technology practices
with knowledge of content, general pedagogy, knowledge
of learners and educational contexts.” The connections of
TPACK were investigated using ENA in three articles (3.9%)
[26], [53], [104].

7) NATURE OF SCIENCE (NOS)

NOS is the main focus of science education and a key
element of science literacy, expressing a way of knowing
that integrates the features of scientific knowledge devel-
opment [109]. The connections between NOS aspects were
explored using ENA in two articles [81], [87] and views of
the NOS surveys were used in a one article [85].

8) COGNITION THEORIES

Metacognition — or being aware of one’s learning and
improving the learning experience using one’s own cogni-
tive resources [110] — was used in two articles that focused
on the metacognitive components of knowledge, goals, and
actions [68], [99], whereas one article was based on dis-
tributed cognition theory, which argues that cognition and
knowledge are distributed among individuals and tools in the
environment and are not confined to an individual [76].
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9) COMPUTATIONAL THINKING (CT)

Wing [111] defines CT as “a fundamental skill for solv-
ing problems, designing systems, and understanding human
behavior that draws on concepts to computer science.” The

students’ computational thinking was measured and analyzed
using ENA in two articles [74], [82].

10) MICRO-TEACHING

Micro-teaching is an implementation method of dialogic ped-
agogical teaching. Student teachers are usually trained to play
the roles of both teachers and students during practice micro-
teaching. The teacher’s role allows students to improve their
teaching skills while the student’s role helps them understand
the psychology of the student [72], [103].

Other theoretical frameworks were reported in the
reviewed studies, namely, knowledge building [83], the
control-value theory of achievement emotion [66], and Lan-
guage processing theory [47]. Finally, the achievement goal
theory framework was reported [67].

G. THE MAIN RESEARCH FINDINGS IN THE ARTICLES

The most frequent theme in the research findings in the
articles was related to learning interaction, which can be
classified into learner-instructor, learner-contents, or learner-
learner interactions [42]. ENA was used to evaluatelearner-
instructor interaction[63]. Although the teacher’s communi-
cation with students might show initial resistance to the men-
tor’s frame, it subsides with mentor facilitation to develop a
more professional frame [60], [70]. When studying discourse,
the authors reported that virtual mentoring is as effective
as face-to-face mentoring [63]. The study of the participant
and pedagogy reflections revealed that ‘“mentor-reflecting-
on-student-action” was related to ill-formed activity, whereas
“student-reflecting-on-mentor-action’ was related to more
well-formed tasks [61].

1) LEARNER-CONTENTS INTERACTION

The learners’ interactions with different discussion materi-
als using ENA showed a more harmonious communication
when students used interactive learning materials [18]. ENA
analyzed the connections among the elements of professional
skills and identity, for example, journalism [64], engineer-
ing [21], and urban planning [84]. Moreover, ENA was used
to describe students’ thinking in problem solving in a profes-
sional manner [64], the development of students’ identity [91]
and the stronger connections among the discourse elements of
high performer students [78].

2) LEARNER-LEARNER INTERACTION (ANALYZING
COLLABORATION)

ENA provided insight into Col in online discussions for
cognitive presence [55] and social relationships [57]. The
temporal context of students’ collaboration was explored in
engineering design [61] and suggested that students with a
more social exchange are more engaged in the planning and
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solving of collaborative tasks [19]. Similarly, ENA was used
to investigate socio-cognitive activities and students’ collab-
oration in problem solving [71]. In general, high performers
had strong connections between adding concepts and creat-
ing links in the problem-solving process, which significantly
differed from low performers’ behavior [86]. Other analytical
methods like process mining (PM) have been used with ENA
to augment the insights [75], [88].

3) STUDENT EVALUATIONS

ENA was used to reveal the differences between high
performers and low performers by modeling the connec-
tions between verbal codes [76], examining the connections
between skills and decision-making [46], and evaluating the
scientific reasoning [16]. The high-performing group create
an actual open-ended learning experience and develop higher-
order thinking whereas the low-performing group focus on
the link between knowledge and learning activities [50].
Although ENA can function as an assessment tool for teach-
ers to assess assignments and interpret their contents, Fougt
et al. [25] reported that they were unable identify significant
differences of different performance levels in assignments.

4) NATURE OF SCIENCE CONNECTIONS

ENA was used to explore learners’ connections among NOS
elements to identify the quality of students’ understanding
of NOS [81], [85]. Thus, ENA was shown to be useful for
exploring pre-conceptions and post-conceptions by identify-
ing the presence of ideas and the change of ideas [87].

V. DISCUSSION

ENA was conceptualized in 2009 to offer a quantitative
method for studying coded discourse [3]. During the last
three years, ENA witnessed increasing interest in the meth-
ods, a growing community, a yearly scientific event, and an
expanding miscellany of applications that extended to other
fields in addition to education. The ENA toolset has also
expanded to include web applications and R packages, for
example, rTENA [34] and ncodeR [7]. The current pace of
growth suggests that ENA adoption will result in more and
diverse scientific output. Therefore, our systematic review
sought to analyze the emerging field to highlight current
achievements and future opportunities. Our study analyzed
76 empirical studies published between 2010 and 2021, and
2019 had the most papers. In the last two years, 30 papers
were published.

Sixty-two studies (82%) in our review analyzed samples
of less than 100 students, with a median of 32 students.
Fourteen studies (18%) analyzed more than 100 students, and
only two studies had more than 1000 students [23], [44].
Whereas this limited number of study participants could be
explained — at least partially — by the need to code the data,
it indicates that ENA has been a tool for research rather than
practice with limited scalability. Recently, automatic coding
using, for example, topic modeling [15], [23] has emerged,
as well as “‘semi-automated coding” where part of the data
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is coded manually (as a training dataset) and the remainder is
automatically coded based on the training data [47]. Progress
toward automatic coding would accelerate the uptake of ENA
as a scalable tool that can be embedded in, for example,
dashboards to help teachers or students.

Many of the studies have analyzed online discussions or
interactions among learners, and they constitute almost half
of the studies in our review. Interestingly, the other half
used data that was not related to students’ interactions or
conversations (interviews, assessment tools, log files, and
observations), which signals the expanding repertoire of the
applications of ENA beyond discourse analysis and to new
areas of inquiry. Theories related to collaborative learning
(CoP, CL, Col) constituted almost half of the included studies,
and SRL — as a theoretical underpinning — came a distant
second with around 10%.The remainder consisted of other
theoretical frameworks (e.g., projective reflection, TPACK,
and computational thinking) or no clear theoretical frame-
work in 23 studies (30%). Such a picture reflects the interest
in exploring the relational insights of ENA to model the
relations and the structure of connections between the studied
elements in new areas.

The prevalence of diverse types of data, inductive cod-
ing and the use of various theoretical frameworks point to
many papers that tried ENA to solve existing problems, shed
light on new aspects, or explore new areas of inquiry. Simi-
larly, several studies have explored ENA as a complementary
method to existing approaches. For instance, [23] explored
the value of combining SNA and ENA in what they referred
to as a social epistemic network signature (SENS) to pre-
dict students’ performance. Similar combinations with SNA
have also been explored to examine teachers’ agency [94]
and participation in knowledge building [80], [83]. Recently,
ENA was used in tandem with process and sequence min-
ing to augment the derived insights and reveal the strength
and magnitude of connections between students’ SRL ele-
ments [24], [88], [93].

Perhaps the most important objective of this study is how
ENA has contributed to our research and practice. The largest
number of the studies used ENA to evaluate, understand,
or compare aspects related to students’ interactions with each
other, with content, or with teachers. Studies evaluating stu-
dents and mentor interactions reported that ENA helped to
assess mentoring and examine teacher facilitation and learn-
ers’ reflection on teacher mentoring [12], [63]. Similarly,
several researchers have reported the utility of ENA to eval-
uate the development of professional abilities in journalism,
engineering, urban planning, script writing, and surgery, for
example [21], [52], [64], [77], [84]

The largest group in the studies have assessed collabo-
rative settings. The most common findings relate to reveal-
ing the types and strengths of presence in Col [101],
assessing patterns of knowledge exchange in collaborative
learning [80], [83], or understanding problem solving behav-
ior [71]. Less commonly, ENA was utilized to assess the
nature of scientific thinking [81], computational thinking [82]
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and TPACK [26]. A small subset of the studies explored
students’ perception and sense-making of feedback in terms
of value, impact, and quality [67]. Comparing and contrasting
high and low achievers to infer differences and similarities
has also been a common theme for evaluating differences in
verbal discourse [76], scientific reasoning [16] and higher-
order thinking [50]. However, studies assessing the utility of
ENA as an assessment tool were unable to identify significant
performance differences in assignments [25].

The studies in our review included a type of comparison,
and the most common comparisons (23) addressed differ-
ences in performance (30%), 19 examined differences in tem-
poral progress (25%), and 10 focused on differences between
participant subgroups (13%). However, this comparison has
been performed visually in many studies (43%). Studies
comparing the differences among groups have mostly used
pairwise comparison along the X-axis or Y-axis. A draw-
back of such comparison is the difficulty of communicat-
ing the results in an easy-to-understand way or translating
differences along coordinates into interpretable conclusions.
Furthermore, most of the existing comparisons have not com-
pared across several groups (more than two), and they use pre-
post design or report effect sizes to quantify the magnitude of
such differences with effect size.

5) HAVE ENA FULFILLED ITS PROMISES?

We offer a concise overview based on the literature covered in
this study and the seminal papers by the founders of the field
to answer the question of how ENA has realized the aspi-
rations behind the establishment of the field. One of the
main promises of ENA was to offer quantitative analysis
of coded data, which Shaffer er al. [10] stated as follows:
“ENA identifies and measures connections among elements
...and measures the strength of association among elements
in a network.” However, the reviewed studies have barely
reported the quantified structure of discourse or the strength
of association between codes. Similarly, ENA was proposed
as a method to “assess learner performance.” However, the
reviewed research has reported aggregated results of groups
in most studies, with just one study in which the authors
concluded that using ENA did not help assess students’ per-
formance [25]. ENA was built with temporality in mind.
According to Shaffer er al. [10], “using ENA to create a
trajectory model, which indicates changes in structures of
connections over time.” We have not seen such trajecto-
ries in the reviewed papers, and the papers that examined
progression have compared different aggregated networks
of certain periods — an approach that strips the network of
its longitudinal aspect. Whereas many studies harness the
co-temporal nature of interactions, these papers display the
results in aggregated networks and, therefore, the aspect of
temporality is lost.

Furthermore, ENA promised to enable “‘the analysis of net-
works too large for multivariate parametric techniques” [10].
However, the majority of the networks in our study were
small with a limited number of nodes (median =8). Studies
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that used ENA with a larger number of nodes were difficult
to interpret or visualize with several overlapping edges and
nodes [81], [87]. Another promise behind ENA was that the
“network graphs allow us to interpret the significance of
the locations of the points in the ENA model” [10]. This
promise was achieved to a degree in the reviewed papers,
as visual comparisons were prevalent in all our studies and
easily showed the networks and their connections. However,
it was unclear how the reported results by the reviewed papers
help explain such differences to the reader or practitioner.
In other words, if a study found a significant difference on
the Y-axis between group A more than group B, how can
these results be communicated simply and clearly to practi-
tioners? Moreover, how are such differences translated into
practice?

The literature review has left us pondering the compari-
son between ENA and SNA and multivariate analysis which
are methods that ENA was built to address some of their
shortcomings [2], [10], [112]. SNA offers several advan-
tages for quantifying the overall networks (e.g., density,
reciprocity, and efficiency), node positions (e.g., centrality
measures), and connection strength (e.g., edge weights and
edge centralities) [113], [114]. Such quantitative analysis has
been immensely useful across vast fields of research [115].
ENA methods have no comparable quantitative measures
and researchers cannot, for instance, report which was the
most central node that bridges others or the node that was
close to other codes. SNA offers several null models that
allow researchers to compare networks under study to ran-
dom network models to determine whether their networks
are statistically meaningful [116]. Similarly, SNA offers sev-
eral inferential network methods and robust confirmatory
tests that help understand why edges form and, thus, help
researchers build or contribute to hypotheses [116]. SNA has
a vast community with several threads of research, a large
repertoire of methods, open software tools, and solid theo-
retical foundations. However, ENA is maintained by a small
group of researchers concentrated in a single institution with
limited contribution from the wider community to the theory,
statistical foundations, or development. In comparison, the
network psychometric field has emerged to analyze multivari-
ate networks, and it has a large community that contributes to
the tools, methods, and theory, offers several network confir-
matory tests, for example, network bootstrapping, and it has
vibrant discussions regarding the theoretical and mathemat-
ical foundations of the methods [117]. It is unclear whether
ENA has addressed the said shortcomings of the two methods.
ENA may have offered alternative methods for implementing
or improving some existing functions currently offered by
network analysis methods. However, these alternative func-
tions came at the expense of losing access to a wealth of
potentials offered by the network ecosystem shared across
several fields, for example, network science and SNA. The
lack of ENA networks’ inter-operability with existing meth-
ods or an export file format makes integration with other tools
impossible.
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TABLE 1. Primary studies references.

ID Authors (Date) Title Citation Aim
The epistemography of an
urban and regional planning . s . .
S1  Bagley (2010) [12] 912: appropriation in the face 9 Uncover the learning process within a graduate urban planning practicum
of resistance.
The  epistemography —of Organize the development of important epistemic sub-frames in
Hatfield & Shaffer journalism 335: complexity in santz . P mp P .
S2 . . 7. 10 Journalism practicum and quantitative measure of linkage between
(2010) [13] developing journalistic . . . X
. participant structure and epistemic sub-frame Using ENA
expertise
- - - - - >
Mentor modeling: the 1. lei the players o.f Urban SC1eqce dt?velop planning epistemic frames?
. o 2. Did the players imitate the epistemic frame that the in-game mentors
Nash & Shaffer internalization of modeled
83 (2011) [20] professional thinking in an 7 modgled? . . .
. . 3. Did the epistemic frames that players demonstrated during the game
epistemic game . .
with the mentors persist when the mentors were not present?
Exploring complex 1. Do middle school girls develop their understanding of engineering
S4 Svarovsky (2011) engineering learning over 28 epistemic frame elements by playing Digital Zoo?
[21] time with epistemic network 2. Is there specific participant structure that reflect or connect to the
analysis epistemic frame elements of values and epistemology?
Mapping university students' 1. What are the students focusing on, in terms of knowledge and beliefs in
. epistemic framing of problem-solving task?
§5  Bodin (2012) [14] computational physics using 4 2. What role does physics knowledge take in problem-solving situation?
network analysis 3. Are the epistemic networks useful for describing epistemic framing?
1. Does the team ‘‘follow’’ the mentor’s frames during meetings become
Epistemic trajectories: more similar over time?
S6 g%slh 338)6[2(};]%1 ffer mentoring in a game design 40 2. Where does the team follow the mentor?
practicum 3. What is the explanation for how the mentor and team’s frames change
in distance across their trajectories?
1. What are the significant activities in the engineering co-op program?
Epistemography and 2. What are the participant structures of reflection that are used in those
Arastoopour & . S
S7 Shaffer (2015) [61] professional CSCL 4 activities?
environment design 3. How do the participant structures of reflection relate to the
epistemologies of the engineering co-op?
. 1. Were there differences in mentors’ and students’ reflection meeting
Stop talking and type: . .
. . discourse between the two conditions?
Bagley & Shaffer, comparing virtual and face-to- . . s .
S8 - . 2. Were there differences in students’ learning outcomes and level of
(2015b) [63] face  mentoring in  an -
. . 29 engagement between the two conditions?
epistemic game
Learning in an urban and 1. observe students learning to become planners through participation in a
S9 Bagley & Shaffer regional planning practicum: 2 practicum.
(2015a) [70] the view from educational 2. explore the difference between the students' and teacher's epistemic
ethnography frames.
. . . 1. Does ENA show similarities or differences between (a) mentor
The right kind of telling: an . .
analysis of feedback and feedback from a professional practicum and (b) mentor feedback from a
S10 Hatfield (2015) [64] learnine in @ iournalism 12 game?
\rning J 2. Does ENA show that players in science.net learn to think more like
epistemic game . . .
professional journalists?
1. What are the shifts in the connections among ideas about NOS for the
Outcomes of a self-regulated .
. . student group before and after a yearlong course that used a curricular
learning curriculum model: .
Peters-Burton (2015) . . model based on self-regulated learning?
S11 network analysis of middle . .
[87] .. 2. What are the influences of the yearlong curriculum based on self-
school students' views of 19 . . .
. regulated learning theory on the ways student ideas about NOS shifted
nature of science
before and after the course?
Teaf;hmg andA assessing Explore virtual internships, online simulations of 21st-century engineering
S12 Arastoopour et al., engineering design _ thinking design practice, as one method for teaching engineering design thinking
(2016) [46] with virtual internships and 62 . ?
. . . using ENA.
epistemic network analysis
Epistemic network analysis 1. Explore collaborative interaction chat data using the combination of
. and topic modeling for chat topic modeling and epistemic network analysis.
S13 - Caietal (2017)[15] data  from  collaborative 2. Predict learning performance by semantic network connections students
learning environment 20 make in chats.
Collaborative and individual 1. Do collaborative and individual reasoners exhibit different epistemic
Csanadi et al. (2017) scientific reasoning of pre- networks of scientific reasoning while solving a professional problem?
S14 ’ service teachers: new insights 8 2. Do the epistemic networks we detect investigating differ from

[16]

through epistemic network

analysis (ENA)

epistemic networks based on the same data set that has been randomly
resorted (i.e. with the same frequency information)?
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TABLE 1. (Continued.) Primary studies references.

17340

Siebert-Evenstone et

In search of conversational
grain size: modelling semantic

Does the moving stanza window method provide information about group

S15 al. (2017) [47] structure using moving stanza % discourse that the conversation method does not?
windows
When coding-and-counting is 1 hich techni . h lanati " -
) not enough: using_ epistemic - Which technique provides the best ex'p angtlon 0 group di ergnces
Csanadi et al. (2018) CoT with respect to learners’ engagement in different learning actions?
S16 network analysis (ENA) to .
[17] analyze verbal data in CSCL 70 2. To what extent are the results from Q1 due to systematic temporal co-
I'CSCE}lII'Ch occurrences between learning actions?
1. What is the effect of instructional scaffolding intervention on students’
Towards combined network cognitive presence of course topics?
S17 R. Ferreira et al. and text analytics of student 2 2. Can we use the proposed model to assess the effectiveness of role
(2018) [55] discourse in online assighment intervention on the development of students’ cognitive
discussions presence?
Epistemic network analysis of . .
B . 1. How, and to what extent, can ENA predict the quality of longer student
students' longer  written . o
S18 Fougt et al. (2018) assignments as 10 assignments?
[25] formative/summative 2. What characterizes the epistemic network of low, middle, and high
evaluation performers?
What do teachers share within
S19 Hu et al. (2018) socialized knowledge 57 1. What do teachers share within Pinterest?
[100] communities: a case of 2. How do they make sense of curated curricula?
Pinterest
. UsmgA epistermic network Model and Compare connections among trauma team discourse elements
Sullivan et al. (2018) analysis to identify targets for . . .
S20 . . . X 32 a modeled by ENA would predict the quality of team performance in
[76] educational interventions in trauma simulation
trauma team communication )
Finding common ground: a
Ruis, Siebert- method for measuring recent . .
. Measure recent temporal context in analyses of complex, collaborative
S21 Evenstone, et al., temporal context in analyses 12 thinkin
(2019) [48] of complex, collaborative J
thinking
Using ENA to analyze pre-
service teachers' diagnostic
S22 ][392171;“ etal. (2019) argumentations: a conceptual 3 Analyze Pre-service Teachers' Diagnostic Argumentations.
framework and initial
applications
Usmg_ eplstem%c petwork 1. How does scientific practice evolve during gameplay?
Bressler et al. (2019)  analysis to examine discourse . . .
S23 L . . 13 2. Which elements of collaborative discourse support the development of
[71] and scientific practice during Lo .
. scientific practice?
a collaborative game
. 1. What is the effect of using different dimensions of SVD on the final
. What is the effect of a . ) .
S24 R. Ferreira & dominant code in an epistemic 10 network when dealing with the problem of a dominant code?
Gasevi¢ (2019) [56] network analvsis? P 2. Does the exclusion of a dominant code impact the information provided
ysis: by the ENA?
ng}? school student§ ro!e- What is the nature of high school students’ identity exploration as a result
Foster et al., (2019) playing for identity . . . - -
S25 . . 11 of exploring role-specific possible selves of an environmental scientist
[79] exploration: ~findings from .
. . . and urban planner in a play-based course?
virtual city planning
1. Does an ENA analysis of the content of collaborative discourse predict
the structure of social network ties?
SENS: network analytics to 2. Does an ENA analysis of individual students' discourse predict
S26 Gasevic et al., (2019) combine social and cognitive 110 students' centrality in the social network?
[23] perspectives of collaborative 3. Does an SNA analysis of high- and low-performing sub-communities
learning of students predict differences in the content of students' discourse?
4. Does a combined SNA and ENA model predict student outcomes better
than an SNA or ENA model alone
Using epistemic  networks
Karumbaiah et al. with automated codes to . . .
5 7
S27 (2019) [89] understand why players quit 7 Why do Players quit Levels in a Learning Game?
levels in a learning game
1. How does the salience of graphics in LADs differ according to the
Explorin students' frame of reference?
senps emalging of leamning 2: Is there a difference in response to LADs according to the frame of
i 2
S28 Lim et al. (2019) analytics dashboards: does 25 reference?

[65]

frame of reference make a
difference?

3. Do differences in self-regulation influence the outcomes of research
question 2?

4. How does an individual's sensemaking of LADs differ according to the
frame of reference?
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Melzner et al. (2019)

Using process mining (PM)
and epistemic network

How do students regulate collaborative learning when faced with either

29 [88] analysis (ENA) for comparing motivational or comprehension-related problems using PM and ENA?
processes of collaborative 7
problem regulation
Effects of perspective-taking
Mochizuki et al. th'rough tar}glble puppetry m Examine the effectiveness of 3D animation for reflection that the system
§30 (2019) [72] microteaching and reflection enerates to foster perspective-takin;
on the role-play with 3d g persp e
animation 0
. . 1. Compare students’ collaborative problem-solving processes between
Students' collaboration . . . .
. . . . PF groups that had generated a solution with a high quality (HQ) and a
Nachtigall & Sung, patterns in a productive failure .
S31 . . . low quality (LQ) groups.
(2019) [73] setting: an epistemic network . . s . . .
X . 5 2. Compare the relationship between PF groups’ solution quality and their
analysis of contrasting cases .
learning outcome.
Collective knowledge 1. how high-school students engage in collective knowledge advancement
Oshima et al. (2019)  advancement through shared through shared epistemic agency during jigsaw instruction
S32 . f . . . .
[80] epistemic  agency:  socio- 5 2. how their collective knowledge advancement relates to learning
semantic network analyses outcomes
1. To what extent did the group understand selected NOS concepts pre-
Extending the utility of the and post-course?
$33 Peters-Burton et al. views of nature of science 2. In what ways did the group make connections among NOS concepts?
(2019) [81] assessment through epistemic 3. How do the results for traditional VNOS analysis and ENA compare?
network analysis 5 4. What are the benefits and drawbacks of administering the VNOS
assessment with an ENA extension?
Phillips et al. (2019) The mﬂ'uence of discipline on What are the connections between teachers’ knowledge and their
S34 teachers'  knowledge and 1 .. . ;
[104] . . decision-making as defined?
decision making
1. What is the relationship between students’ social presence and
Rolim, Ferreira, Analysing social presence in different course topics?
S35 Kovanovi¢, et al. online discussions through 11
(2019) [57] network and text analytics 2. What is the effect of instructional scaffolding on students’ social
presence within different course topics?
1. What are the association between the individual phases of cognitive
A network-based  analytic presence and the indicators of social presence?
analy 2. What are the effects of the instructional scaffolds aimed at promoting
. . . approach to uncovering the o . L
Rolim, Ferreira, Lins, . . . cognitive presence on the association between the phases of cognitive
S36 relationship between social 37 S .
et al. (2019) [58] s . presence and indicators of the social presence?
and cognitive presences in L .
" - 3. How do the associations between the phases of cognitive presence and
communities of inquiry S . .
the indicators  of  social  presence  evolve  over time,
under the use of the different instructional scaffolds?
Ruis, Rosser, et al. Multlple uses, for proc;du'ral How do surgeons with different levels of experience use procedural
S37 simulators  in  continuing 1 .
(2019) [77] . . simulators?
medical education contexts
E?; ammning the  impact ‘Of What is the nature of high school students’ identity exploration as a result
Shah et al. (2019) virtual city planning on high . . . S
S38 Vo ; 0 of exploring the role-possible selves of an environmental scientist and
[90] school  students! identity .
. urban planner in a play-based course?
exploration
Reading for breadth, T cading 1. Do long readers and short readers show different patterns of interaction
for depth: understanding the . S .
S39 Sung et al. (2019) relationship between readin 5 in collaborative discussions?
[49] P L. ing 2. Do these differences (if any) reflect a difference in the depth to which
and complex thinking using A .
. . . long and short readers are engaging in the text?
epistemic network analysis
Promoting and tracing high . .. . . . .
Talafian ctal. 2019) school  students'  identity To whgt gxtenlt did Apartlc1pa(nts engage in an 11'{tegrated identity
S40 . 1 exploration in Virtual City Planning as a result of exploring the roles of an
[91] change in an augmented . Lo .
. . . environmental scientist and urban planning?
virtual learning environment
. Student teachers' discourse How the discourse patterns within the EduceBoard puppetry-based
‘Wakimoto et al., . . . . . . 7 .
S41 during puppetry-based 3 microteaching  differ from normal microteaching to identify
(2019) [103] . . N .
microteaching the former’s specific effects?
. . 1.  What CT patterns do novice programmers exhibit when they
Analysing computational S
. L . . collaborate on the development of a software application?
B. Wu, Hu, Ruis, et thinking in  collaborative . . . .
S42 . o 24 2. Do novice programmers follow different trajectories of CT competence
al. (2019) [74] programming: a quantitative . . o .
development based on the collaborative programming activities of their
ethnography approach o
group?
Scaffolding design thinking in How do STEM preservice teachers develop their design thinking
B. Wu, Hu, & Wang . . . . . .
S43 2019)[51] online stem preservice teacher 18 competence collaboratively under two scaffolding modes, i.e., static
training scaffolding and adaptive scaffolding?
Exploring the development of 1. What are the characteristics in teachers’ reflection journals while
S44 Yietal. (2019) [52] reflection among pre-service 0 engaging  them in online collaborative script  writing?

teachers in online
collaborative  writing:  an
epistemic network analysis

2. Is there any difference in the epistemic networks of teachers’ reflection
between different phases of the online activity phases? If yes, what are the
different epistemic characteristics of teachers in the two phases?
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TABLE 1. (Continued.) Primary studies references.

Yue et al. (2019)

Applying epistemic network
analysis to explore the

Reveal the differences and changes in the use of teaching assistant
software among students of high-score and low-score learning level, to

§45 [118] 255151; agzon S(())fftwar;eachnﬁ ! explore the relationship between the application of teaching assistant
classroom learning software and students’ classroom learning.

1. What are the categories, frequency distribution and time series
Exploring  primary  school characteristics of teachers” knowledge domains in online discourse?
teachers' technological 2. What are the differences between the characteristics of teachers in the

S46 Zhang et al. (2019) pedagogical content 36 higher-score and lower-score groups?

[53] knowledge  (TPACK) in 3. What are the differences among the characteristics of teachers with
online collaborative discourse: different? ages?
an epistemic network analysis 4. What are the differences between the characteristics of teachers in the
post and reply groups?
1. Do students demonstrate gains on a pre-post CT STEM assessment
after participating in From Ecosystems to Speciation?
Arastoopour et al Modeling and measuring high 2. How do students’ CT-STEM practices change over time when

S47 (2020) [1;2] : school students' computational 18 participating in From Ecosystems to Speciation as represented by ENA

thinking practices in science discourse networks?
3. Are students’ pre and post scores associated with CT-STEM practices
as represented by ENA discourse networks?
Evaluating how residents talk
S48 D’Angelo et al. and what it means for surgical 9 Explore a method for assessing intraoperative performance by modeling
(2020) [78] performance in the simulation how surgeons integrate skills and knowledge through discourse.
lab
1. To what extent can accurately text mining methods automatically code
Towards automatic content online discussion messages according to the categories of social presence?
M. Ferreira et al analvsis of social bresence in 2. Which features do best predict each category of social presence?

S49 (2(')20) [59] ' tranzcri is o fp online 17 3. Do automatically coded messages preserve similar structural properties

discussi%ns in the analysis of associations between the categories of social presence
and discussion topics to the results of the analysis performed with manual
manually coded messages?

S50 Gamage et al. (2020)  Exploring MOOC user 20 Identify if there are behavioral similarities between extreme users and

[102] behaviors beyond platforms novice users.
Refining qualitative
fﬁrvlv(z)grfp:gzls lsllssmi eﬁféemécf 1. Test the relation between qualitative analysis and ENA.

51 Hod et al (2020) [54] socioemotiona)lll ' leari,lin 5 2. Investigate what ENA can tell us about the way socioemotional
dimensions in a humanisti% dimensions of learning are expressed in learning communities in relation
knowledge building to stages of group development.
community
A virtual internship for
developing technological How did participants’ TPACK, represented as epistemic network graphs,

§52 Oner (2020) [26] pedagogical content 16 change character over the eight sessions of School of the Future?
knowledge

. ) 1. How are learners’ ideas improved through their collaborative
Oshima et al. (2020)  /Analysis of students' ideas and discourse?
S53 conceptual artifacts in 5 . . . . .. .
[83] Kknowledee-building discourse 2. How do learners engage in collectively improving their ideas by using
g & their conceptual artifacts?
1. What is the relationship between beginning readers’ verbalizations of
. their thought processes when self-monitoring oral reading and their ability
2{?:;3? megllgds ?:lz rt?(?rf?hzo to self-correct reading miscues?
be{)weeng beginnine  rea ders‘ 2. What themes of response do beginning-readers who are more proficient
$54  Pratt (2020) [68] dialog abou‘f theif thinking 4 selfcomecting  oral reading  give to  explain  their
- i i 1es?
and ability to self-correct oral self-monitoring strategies? Lo .
reading 3. What themes of response do beginning-readers who are less proficient
in  self-correcting  oral reading give to  explain their
self-monitoring strategies?
1. To what extent can we qualitatively and quantitively characterize
students’ sequences of SRL micro-level processes, using frequency
learning behaviors from event measures, network analysis and Process
Combining analytic methods mining?
955 Saint et al. (2020) to unlock sequential and 29 2. To what extent can we articulate contrasting patterns of SRL behaviors
[93] temporal patterns of self- across different student groups, based on assessment performance, by

regulated learning

using frequency measures, network analysis, and process mining?
3. To what extent can we consolidate these analytical methods to provide
a coherent temporal/sequential narrative on SRL, as enacted in a blended-
learning environment?
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time
learning

Analytics of
management and

1. To what extent can a combination of data analytic methods provide a
holistic view to theoretically meaningful learning strategies composed of
time management and learning tactics?

S56 Uzir et al. (2020) [24] strategies for effective online 21 2. To what extent a combination of network and process analytics
learning in blended techniques, proposed in this study, can be used to explain the critical
environments dimensions (i.e., time, ordering, frequency, and strength of connections in

tactic use) of learning strategies extracted from trace data?
1. What are students’ perceptions of their personalized, learning analytics-
Students' perceptions of, and based feedback?
Lim, Dawson, emotional  responses  to, 2. What are students’ affective responses to their personalized, learning

S57 Gasevi¢, Joksimovi¢, personalised learning 10 analytics-based feedback?

Pardo, et al. (2020) analytics-based feedback: an 3. What is the relationship between students’ perceptions of personalized,
[66] exploratory study of four learning analytics-based feedback and their affective responses?

courses 4. How does the relationship identified in Q3 differ according to course

context?
. . . 1. What is the distribution of the metacognition phenomena in students'

Using  epistemic  network - N .

analysis and  self-reported self-reported reflections in collaborative learning?
L. Wu et al. (2020) st P \ 2. What are the differences in students' metacognitive patterns in high

S58 reflections to explore students 6

99] L. . . score group versus low-score group?
metacognition differences in . ! , o,
. . 3. What are the differences in students' metacognitive patterns across
collaborative learning . L
different disciplines?
1. How do students who solved a task correctly (correct solvers) differ
Epistemic network analyses of from students who solved a task incorrectly (incorrect solvers) in their
S59 Briickner et al. (2020) economics students' graph 1 proportion of fixations on different Area of interest (AOIs) of the task
[95] understanding: an eye- graphs?
tracking study 2. How do correct and incorrect solvers differ in their transition patterns
between different AOIs of the task graphs?
F.a(:lhtatlng and 1nt‘el.'pret1.ng What is the nature of high school students’ identity exploration
Shah et al. (2021) high school students' identity . . L . .
S60 . . . . 2 trajectories as a result of participating in a 9-week augmenting virtual
[92] exploration trajectories  in . -
learning environment?
stem
dDi;agr?(?:ttilcc acrt;?tti;ss ar;g 1. To what extent do learners’ diagnostic activities differ between medical
Bauer et al. (2020) &l p education and teacher education?
S61 medical education and teacher 5 s . . . .
[98] O L 2. To what extent do learners’ diagnostic practices differ between medical
education: an interdisciplinary . .
- education and teacher education?
comparison
Using  epistemic  network 1. What strategies do urban fourth-grade students report for how they
analysis to visually map a navigate multimodal science texts?
S62 Pratt & Coleman metacognitive continuum of 0 2. How does students’ self-report of strategy use vary by text topic (e.g.,
(2020) [69] urban fourth graders' physical or life science)?
strategies ~ for  navigating 3. What are the affordances of ENA in visually mapping the self-reported
multimodal science texts strategies of urban fourth graders for reading multimodal science books?
1. How do students describe their SRL adaptations in their sense-making
Lim, Dawson, , . of personalized feedback?
o . .. Students' sense-making of
S63 GaSevic, Joksimovic, ersonalised feedback based 3
Fudge, et al. (2020) gn learning analvtics 2. Does (and if so, how) students’ sense-making of personalized
[67] s Y feedback—that is, the association between their perceptions and self-
described SRL adaptations— differ across contexts?
. . 1. How do high and low-performing pre-service teachers develop learning
Modeling  stem  learning . . . . .
S64 Peng et al. (2020) desien competence  throueh 5 design competence during STEM learning design meetings?
[50] oS5 pete & 2. What relationship, if any, exists between pre-service teachers’ STEM
discourse analysis . X .
learning design competence and their lesson plans?
1. concerning judgment accuracy: How accurately can student teachers
judge student profiles? How does student teachers’ judgment accuracy
differ across student profiles? Which student profiles do student teachers
Connecting judgment process interchange predominantly?
and accuracy of student 2. concerning observation of behavioral activity: indicate high and low
S65 Schnitzler et al. teachers: differences in 5 judgment accuracy in student teachers’ eye movements with regard to the
(2020) [96] observation and  student number of fixations and the average fixation duration?
engagement cues to assess 3. concerning utilization of student cues as a cognitive activity: Which
student characteristics student cues do student teachers utilize to assess student cognitive and
motivational-affective characteristics? What combinations of student cues
do student teachers with high and low judgment accuracy use to assess
student cognitive and motivational-affective characteristics?
Exploring how role and 1. How do individuals communicate spatial information during a role
Uz-Bilgin et al background influence through playing cross-platform collaborative game?
S66 . analysis of spatial dialogue in 3 )

(2020) [75]

collaborative problem-solving
games

2. How does an individuals’ role and prior knowledge in biology impact
their dialogue during gameplay?
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How multimedia influence
group interaction in stem
S67 E)Yg? getal. (2020) relg?:/?)trllf n analf/rslis foerp lsgzﬂ.qllz 1 How Multimedia Influence Group Interaction in STEM Education?
synchronous collaborative
learning
S68 Barany et al. (2021) g;;n:t(:clir;ﬁt Cﬁiz;iilarcﬁz:g; 1 How did the design of Virtual City Planning Session 3 support student
[84] an epistemic ne tworl}: analy sgis. exploration of science career identities?
S69 Espino et al. (2021) imggﬁ;:r?gg;: H(liutr}:fl S}:Lit 3 Examine the emotions exhibited by students around factors of online
[1o01] covid-19 pandemi%: & learning as they transitioned abruptly from in-person instruction
Usine learning analvtics to 1. What is the relationship between student’s perception of the usefulness
$70 Misiejuk et al. (2021) un. de%stan d & ys tudent 7 of feedback, improvement suggestions, and comments on the feedback?
[44] ercentions of peer feedback 2. What is the relationship between rubric characteristics and student’s
pereep P perception of the usefulness of feedback?
Making connections  using 1. How can we interpret changes in individual participants’ understanding
" o
Mulvey et al. (2021)  individual epistemic network of NOS through' traditional VNOS. ar.lal}'fm.s. .. , .
S71 [85] analvsis to extend the value of 0 2. How can we interpret changes in individual participants’ understanding
nat i, £ scien ment of NOS through traditional VNOS analysis? How might iENA extend
ature ot science assessme those interpretations?
“We're looking good™: social 1. How do teams engage in project-based learning (PBL) in a
$72 Nguyen et al. (2021) exchange and regulation 4 collaborative engineering design course?
[19] temporality in collaborative 2. How do team regulation patterns relate to individuals’ learning
design outcomes, namely final course grade and perceived collective efficacy?
Making sense of teacher 1. What is the nature of change that teachers try to achieve or orient
Panti¢ et al. (2021) agenc; gfor change with social themselves toward?
S73 [94] ’ aﬁ d Y o istemi% network 5 2. How is teacher agency for change associated with inclusive pedagogy?
analysis P 3. What kind of interactions characterize teachers who exercise agency for
¥ change?
Paquette et al. (2021) :JnS;{ng eeplstemlcsenlefE\rA;mZ(lztég Investigate how students self-regulate their learning in the Betty’s Brain
. . environment, where they engage in three categories of open-ende
§74 [86q] . leargmg in an openg-ended 0 i . h . hey engage in th gor f op ded
problem-solving environment problem-solving actions
$75 Scianna et al. (2021) Sf;ﬁ:ﬁ;ﬁ cha;hzs i iarr]l)e: 1 How do player responses to in-game feedback change between first and
[45] . & g play by second games played?
incorporating game events
Negotiating tensions: a study
Vega et al. (2021 of pre-service English as How do EFL pre-service teachers make sense of dominant NS-NNS
S76 g ’ foreign language teachers' 2 discourses and perceived legitimate practices when negotiating their

[62] sense of identity within their

community of practice

emerging teacher identities?

VI. CONCLUSION

In summary, a large volume of research has explored the
potential of ENA across a diverse range of problems. The
current analysis supports the conclusion that ENA has helped
visualize connections between coded elements, enabled com-
parisons across groups, and helped augment the insights
of other methods, for example, process mining. However,
ENA has not been able to fulfill many of is aspirations.
The current implementations of ENA have neither been scal-
able nor automated. Our analysis has also shown that there
is insufficient evidence that ENA has helped quantitatively
investigate qualitative data nor has it helped assess learners’
performance nor chart the temporal trajectory of interactions
and therefore, it is fair to conclude that the expectations for
ENA were set too high, but many fell short of promise. The
small group of developers behind the development of the
theory, software, and conceptualization of the field limits
the role of the broader community to mere consumers of
locked tools rather than partners who can contribute and

17344

drive the field forward. Whereas we expect more growth in
applications in both volume and breadth, we hope for more
involvement of the wider community in shaping the perspec-
tives of the methods. Only then can we expect more diversity
in implementations, richer quantitative capabilities, and novel
perspectives.

APPENDIX
See Table 1.
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