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Abstract 
The influence of students’ epistemic orienta4ons on their learning 
behavior and outcomes is well-documented. However, limited 
research explores students’ epistemic orienta4ons in terms of 
conceptual engagement and learning outcomes. This study, set 
within the context of higher educa4on, examined the pa@erns of 
conceptual engagement among two performance groups and 
iden4fies differences in their epistemic orienta4ons. Both 
epistemic network analysis (ENA) and ordered network analysis 
(ONA) methods were used. The results from the ENA revealed 
dis4nct trajectories and pa@erns of conceptual engagement 
between high-performing and low-performing students during 
different periods in their learning journey. High-performing 
students were able to establish a more interconnected and 
distributed epistemic network earlier than their low-performing 
counterparts. ONA results revealed that (1) high-performing 
students were more inclined to employ abstract theore4cal 
concepts to address empirical concerns, doing so more frequently 
and earlier; and (2) low-performing students benefi@ed from 
forum interac4ons with high-performing students to expand their 
knowledge resources and engagement with theore4cal constructs 
over 4me. These discoveries contribute to our comprehension of 
epistemic orienta4ons in different learners. The implica4ons of this 
study could help generate learning analy4cs that monitor students’ 
conceptual engagement in forum discussion and provide feedback 
to guide the design of learning. 

CCS Concepts 
• Applied compu4ng; • Educa4on; • Interac4ve learning 
environments; 
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1 INTRODUCTION 
It is broadly recognized that personal epistemology plays a pivotal 
role in learning, with a strong consensus that more sophis4cated 
epistemic beliefs concerning knowledge and knowing foster 
improved learning processes and outcomes [1][2][3][4][5][6][7]. 
Similarly, the individual’s epistemic orienta4on, which reflects their 
belief system regarding the nature and acquisi4on of knowledge 
[8][9] significantly influences their epistemic prac4ces. These 
prac4ces involve jus4fying, evalua4ng, and legi4mizing knowledge 
[10]. Such orienta4on plays a crucial role in how students interact 
with knowledge and develop their understanding [11]. Epistemic 
orienta4on is defined as the individual’s preferred approach to 
acquiring and u4lizing knowledge [12]. A widely recognized 
taxonomy of epistemic orienta4ons iden4fies three primary 
approaches: intui4ve, empirical, and ra4onal [11][12][13], 
reflec4ng inclina4ons to consider knowledge as inherently 
subjec4ve, as grounded on systema4c observa4on and 
experimenta4on, or on logical reasoning and evalua4on of 
arguments as true or false respec4vely. Research has shown that 
teachers with intui4ve or empirical orienta4ons are more likely to 
design lessons that promote inquiry and conceptual change 
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[14][15][16]. It has also been reported that students’ epistemic 
orienta4ons are related to their academic performance 
[11]. 

Concept learning, the process of organizing informa4on and 
discerning pa@erns or dis4nc4ons, is crucial for individuals to apply 
knowledge effec4vely across different situa4ons [17]. Epistemic 
orienta4on in concept learning, which reflects learners’ preferred 
approach to acquiring and u4lizing new ideas, plays a crucial role 
in shaping how they construct, refine, and apply knowledge when 
engaging with new concepts [18][19]. Within the domain of 
chemistry concept learning, an abstrac4on-focused epistemic 
orienta4on emphasizes the iden4fica4on and extrac4on of 
underlying principles, promo4ng a more profound comprehension 
of the subject ma@er. On the other hand, an exemplar-driven, 
empirical epistemic orienta4on centers around forming conceptual 
representa4ons rooted in the recall of specific examples and 
algorithms [18]. This differs from the construc4on of abstract 
generaliza4ons that integrate and relate individual instances. 

Research evidence to-date shows the influence of epistemic 
orienta4ons on students’ learning outcomes, most of the research 
is conducted in the STEM educa4on area, and primarily concerned 
with teachers’ epistemic orienta4on and their pedagogical 
prac4ces, ocen referred to as epistemic prac4ces. Studies of 
concept learning in professional domains uncovered a further, 
prac4cal epistemic orienta4on in addi4on to the theore4cal and 
empirical orienta4ons [11][18][20]. The prac4cal orienta4on 
involves applying conceptual knowledge to real-world situa4ons 
within the professional domain, including those related to prior 
professional experiences. The theore4cal orienta4on tends to 
focus on understanding and engaging with abstract concepts and 
principles within the professional context. The empirical 
orienta4on tends to emphasize the use of systema4c observa4ons, 
along with specific examples and evidence, to represent concepts 
and principles [12][13][18][20][21]. This taxonomy offers a 
structured way to explore diverse epistemic orienta4ons in concept 
learning. 

Conceptual change research occupies an important area of 
research in the learning sciences since the mid-1970s when 
researchers recognized that students ocen held robust 
misconcep4ons that were very difficult to change [22]. This 
research started in the natural sciences, physics and biology, and 
was taken up later by researchers in psychology and then other 
humani4es and social sciences disciplines. One major debate 
within the conceptual change research community is the extent to 
which naïve concep4ons are fragmented or coherent [23]. If 
learners’ naïve concep4ons were more fragmented, then the 
process of learning would also entail a need for change in the 
systema4city and structure of their knowledge resources. 
Conversely, students who are more inclined towards a theore4cal 
epistemic orienta4on may find it easier to achieve a deeper 
understanding in subjects that involve theories as a connected 
coherent system. In this study, we explore the extent to which 
students’ learning outcomes and learning trajectories are related 
to their epistemic orienta4ons. The findings would have important 

implica4ons for learning design and learner support in learning 
domains that require the understanding and applica4on of abstract 
theore4cal constructs in addressing complex authen4c problems. 

1.1 Knowledge analysis as an approach to 
invesAgate learners’ evolving conceptual 
understanding from a systems perspecAve 

If we take learning to be a construc4ve process, the construc4on 
involves not only the specific content of the knowledge elements 
but also their organiza4on. Bédard & Chi’s [24] work shows that 
novice learners have different mental representa4ons from 
experts. 
Novices generally rely on intui4ons and context-dependent 
knowledge elements to construct their conceptual representa4ons 
and may struggle to apply their understanding to unfamiliar 
situa4ons [25][26]. Learning occurs when learners re-organize and 
re-integrate the rela4onship among their knowledge elements for 
the genera4on of norma4ve concepts [27] held by experts. 
Moreover, everyday knowledge held by novices can par4ally 
contribute to their construc4on of formal understanding within a 
discipline domain. 

We posit that inves4ga4ng learners’ epistemic orienta4on and 
how it may be associated with differences in the learning process 
will help us be@er understand how novice students navigate the 
pathway to establishing a more structured theore4cal 
understanding that characterizes expert conceptualiza4ons. Here 
we find diSessa’s (1993) [28] Knowledge in Pieces (KiP) theory to 
offer a helpful framework to guide our inves4ga4on. KiP was 
originally developed in the context of analyzing learning 
phenomena in physics educa4on and has since been used in 
inves4ga4ons of learning in other disciplinary contexts [29] and 
teacher professional development [30]. The KiP theory considers 
all knowledge elements, including students’ naïve concep4ons, as 
knowledge resources [30] that form a conceptual ecology [31]. The 
knowledge elements serve as poten4al building blocks for making 
sense of phenomenon, solving problems or construc4ng new 
understanding. Context and students’ prior concep4on play a very 
important role in how they u4lize the knowledge resources when 
encountering a phenomenon [29]. Diversity among learners in the 
learning process can then be revealed by the differences in how 
learners ac4vate and coordinate the knowledge resources in their 
discussion, explana4on, or problem-solving within a specific 
context. 

Knowledge analysis [29] is an approach to understanding 
learners’ evolving conceptual understanding that is underpinned 
by the KiP theory. An important KiP principle is that intui4ve 
knowledge is diverse, rich, and genera4ve such that naïve, 
inaccurate knowledge could serve as seeds (or knowledge 
resources) for the development of more nuanced ways of knowing. 
Hence, the empirical set-up for the learning context, what and how 
learning data are captured, and how the data is to be analyzed to 
iden4fy pa@erns in students’ conceptualiza4on are important 
research design aspects in knowledge analysis. 
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1.2 Epistemic frames and knowledge analysis 
An important methodological challenge to knowledge analysis is 
the need to cater for different granulari4es in the pieces of 
knowledge resources. KiP entails the need for a mul4-scaled 
approach [27] as the granularity of knowledge resources depend 
on the level and focus of inves4ga4on. Building on a systems 
perspec4ve for understanding learning, epistemic frames [32] have 
been employed in the analysis of higher levels of knowledge 
structure to detect the development of professional prac4ces 
among learners. Similar to KiP, epistemic frame analysis addresses 
learning through the associa4on of knowledge resources. 

Epistemic frames have been used in studies of professional 
learning and are contextually sensi4ve, depending on the nature of 
the communi4es of prac4ces involved. The use of epistemic frames 
for knowledge analysis sheds light on how frame elements as 
knowledge resources become connected in the learning process 
and whether the pa@erns of connec4ons take acer the 
characteris4cs of professional prac4ces [33]. Nash and Shaffer 
(2013) [34] studied the development of professional prac4ce 
during game design prac4cum among a group of undergraduate 
students at a European arts school. The two scholars used 
epistemic frame trajectories across three mee4ngs to uncover the 
development of students in a novice team as compared to their 
mentor. The connec4ons between frame elements among the 
novice team changed over 4me and grew more like those 
connec4ons in the mentor’s configura4on. Their study addressed 
the developmental process of professional epistemic prac4ces by 
examining the changing networks of focal knowledge elements. 
The network analysis illustrated not only the quan4ty of knowledge 
resources employed but also the organiza4on of these resources. 
There have been different methods for conduc4ng network 
analyses to examine epistemic frames. Among these methods, 
Epistemic Network Analysis (ENA) [35] has been adopted in 
different studies for network analysis [36][37][38][39], and 
Ordered Network Analysis (ONA) [40] has emerged recently for 
providing addi4onal informa4on about the flow of responses in 
communica4on. 

1.3 ENA and ONA 
Both Epistemic Network Analysis (ENA) and Ordered Network 
Analysis (ONA) quan4fies, visualizes, and interprets network data 
by iden4fying and measuring connec4ons among elements within 
coded data and represen4ng these rela4onships through dynamic 
network models [35][40]. ENA models the rela4onal structure 
among coded elements by quan4fying the co-occurrences of codes 
within a specified segment of data. ENA creates an adjacency 
matrix to capture code co-occurrences, and these matrices are 
then aggregated into a cumula4ve matrix that summarizes the 
frequency of co-occurrences across the data. For each unit of 
analysis in the data, ENA transforms its cumula4ve matrix into a 
high-dimensional adjacency vector, which is normalized to account 
for response length differences. Finally, a singular value 

decomposi4on (SVD) is applied to reduce the dimensionality of 
those vectors while preserving maximum variance. As a result, 
each unit of analysis’ vector is represented as a point in a metric 
space. By tracking the loca4ons of points, ENA allows us to visually 
track the trajectory of students’ conceptual engagement in 
different defined 4me periods. 

Building upon the theore4cal background and analy4cal 
founda4on of ENA, ONA accounts for the order of connec4ons 
during both the modeling and visualiza4on processes [41]. 
Specifically, ONA tracks the direc4on of connec4ons by 
differen4a4ng if a code appears as a response to other codes or 
vice versa. Hence, ONA can differen4ate the pa@ern of conceptual 
ini4a4on and responses among different learners. 

Both ENA and ONA support sta4s4cal and visual analyses of 
differences in epistemic networks across various comparison 
groups. The dimensional reduc4on process results in ENA scores 
and ONA scores for each unit of analysis, which is then visualized 
by plonng it in the resul4ng lower-dimensional space. These 
scores, represented as points, can be used to conduct sta4s4cal 
comparisons between groups [40]. 
2 RESEARCH CONTEXT, RESEARCH QUESTIONS 
AND DATA 
This study inves4gates whether and how students’ learning 
outcomes in the context of a master’s level course on digital 
technology and educa4onal leadership may be connected to the 
students’ epistemic orienta4ons. A focal aim of the master’s course 
was to help students (1) understand that the most important 
poten4al impact of digital technology use in educa4on is to 
develop students’ 21st century skills, which requires teachers and 
schools to engage in curriculum and pedagogical innova4ons, and 
(2) be able to apply several abstract theories and concepts to 
address the challenges in the ini4a4on and scaling of such 
innova4ons. 

While this course is in the field of educa4on, it shares some 
similari4es in the challenges encountered during the course of 
teaching with those in the conceptual change literature. First, 
students generally perceive the primary goals for integra4ng digital 
technology in the school curriculum as personalizing learning, 
making learning more efficacious and enhancing students’ digital 
literacy, and the key leadership challenges as procuring the 
appropriate e-learning infrastructure and providing teachers with 
professional development to handle the technological nuances of 
technology integra4on. The second course aim listed above is most 
demanding as it requires students to adopt an ecological 
understanding of the educa4on system as a hierarchically nested 
complex system, to see educa4onal leadership as a mul4level 
design challenge, and to be able to apply design principles to 
achieve scalable technology-enhanced learning innova4ons in 
authen4c educa4onal contexts. The course design, which is 
detailed in the next sec4on, comprises different learning tasks to 
provide students with diverse learning experiences to achieve the 
targeted outcomes. Of the different learning tasks, the online 
forum discussion was designed as a plaoorm for the open exchange 
of ideas among students throughout the course. The forum data is 
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thus considered as a rich and authen4c data source to gauge 
students’ changing conceptual understanding. In an earlier paper, 
Authors (2024) [42] reported on their explora4on of students’ focal 
conceptual engagement over 4me using ENA to analyze the forum 
data. The results show that students advanced in their 
understanding over 4me following the conceptual development in 
the course design. However, the analysis also uncovered significant 
diversity across groups and individuals. This current paper extends 
the previous work by exploring whether students’ epistemic 
orienta4on relates to students’ course learning outcomes. 

2.1 Course Design 
The e-Leadership course followed a mission-focused inquiry (MFI) 
pedagogical approach [43]. At the core of this approach is a group 
inquiry project on a complex authen4c problem that runs 
throughout the course. The project development is divided into 
several stages, and students need to apply a subset of concepts 
and/or skills for each stage of the project inquiry. Other learning 
tasks and resources are provided to support students’ learning, 
guided by the Bloom’s Taxonomy [44]. The course outline highlights 
three to four keywords each week that are important for 
addressing the par4cular stage of inquiry for that week. Table 1 
presents the list of keywords for each week. The course also 

adopted a flipped learning design. Students were given 
corresponding Perusall®reading assignments and a reading quiz 
related to the iden4fied keywords. These two tasks aimed to help 
students master the remember and understand levels of 
outcomes. 

During the synchronous class sessions, each group of students 
would be doing project presenta4ons on their progress at each 
stage. The forum discussion was designated for students to share 
and debate ideas throughout the course. Students needed to meet 
a par4cipa4on requirement of two pos4ngs per week, and at least 
one of the pos4ngs needs to be a response to another classmate’s 
pos4ngs. These pos4ngs should include at least two of the set 
keywords in their weekly readings. They were encouraged to use 
hashtags to indicate these keywords in their posts. Confusions 
iden4fied in the Perusall®reading assignments or significant issues 
arising from the forum discussion were followed up during the 
subsequent class session. In addi4on to the con4nuous coursework 
listed, students had to submit an individual essay assignment three 
weeks acer the course ended. The essay could be a cri4que, or an 

applica4on of a policy document related to AI in educa4on, or a 
cri4cal evalua4on of a publicly accessible example of AI in 
educa4on implementa4on in an educa4onal ins4tu4on. 

2.2 Research quesAons 
To address the research problem elaborated at the beginning of 
this sec4on, this paper inves4gates two specific research 
ques4ons: 

RQ1: What were the developmental trajectories across different 
4me periods during the course in terms of the students’ conceptual 
focus for the low- and high- performing groups as revealed through 
ENA? 

RQ2: What were the pa@erns of conceptual ac4va4on and 
responses among low- and high- performing learners in the 
discussion forum discourse across different 4me periods, as 
analyzed through 
ONA? 

2.3 ParAcipants and data sources 
Data was collected from 24 postgraduate degree students enrolled 
in the master’s course on Digital Technology and Educa4onal 
Leadership” (e-Leadership for short) in a university in Hong Kong 
during the 2023-2024 academic year. The research was approved 

by the university and par4cipants’ consent was obtained before the 
inves4ga4on. Data sources included students’ inputs in online 
discussion forums and records of their assignment performance. 
The messages posted by students in online discussion forums were 
used to analyze students’ conceptual engagement in their learning 
process. These students were divided into high and low performing 
groups based on final individual assignment results. One student 
dropped out in the middle of the course and was not included in 
this compara4ve group analysis. 

3 METHOD 
Quan4ta4ve ethnography was adopted in this study. This 
methodology integrates both qualita4ve and quan4ta4ve 
methods in the research process [45]. Qualita4ve data was coded 
and transformed to quan4ta4ve data for the subsequent sta4s4cal 
and network analysis. Then, qualita4ve data was examined 

Table 1: Keywords highlighted in the eight sessions 
Session Keywords (KW) 

1 digital competence (DC), 21st-century skills (CL21), AI Literacy (AIL), e-learning leadership (eLL) 
2 knowledge ladder (KL), socioeconomic context (SoEC), ITEd policy (ITEd) 
3 curriculum innova4on (CI), pedagogical innova4on (PI), ethical issues related to AIEd (EIAI) 
4 innova4on diffusion (ID), educa4onal ecology (Eco), catalysts of coherence (CaCo) 
5 sustainability (Sust), teacher design teams (TDT), teacher leadership (TL) 
6 architecture for learning (AfL), design-based implementa4on research (DBIR), infrastructuring (Infr) 
7 sociotechnical co-evolu4on (STCo), mul4level mul4scale leadership (MLMS), community of Prac4ce (CoP) 
8 program evalua4on indicators (ProE), pathways of innova4on (Path), scalability (Scal), research prac4ce partnership (RPP) 
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together with the results of the quan4ta4ve analysis for the 
interpreta4on. 

Students were grouped into a high performance and a low 
performance group based on their individual final assignment 
scores, with 13 and 10 students respec4vely in the two groups. 
The t-test results with unequal variance indicated that the means 
of the two groups are significantly different from each other (see 
Table 2). The groups will be referred to as high and low groups for 
short. 

3.1 Data transformaAon 
The instructor-iden4fied keywords listed in Table 1 can be 
considered as codes in the context of data analysis in this study as 
we need to iden4fy all instances when the meaning of the 
discussion text was similar to those highlighted in the course 
outline. This process was done manually due to the conceptual 
nature of the task and the lack of a validated dic4onary. The forum 
had 39,198 words in 390 posts. One team member highlighted and 
collated textual expressions, which were then independently 
reviewed by two members to match with the 26 codes. They 
resolved differences and created a consolidated list, which the class 
teacher approved with few excep4ons. This consolidated list of 
textual expressions matched to the 26 codes were then used to 
construct Excel formulas for coun4ng code occurrences and co-
occurrences in each post. This was inspired by the procedure 
adopted by Moraes et al. [46] for the automated genera4on of 
codes. The details of the coding process were reported in [42]. The 
coded data was then used to iden4fy the occurrences and co-
occurrences of the 26 keywords in each post. 

a *p < 0.05; **p < 0.01; ***p < 0.001. 

3.2 Network Analysis 
The web-ENA1 was used to generate network models of different 
performance groups at different 4me periods to approximate 
trajectories. In both ENA and ONA analyses, we iden4fied all lines 
of data related to an individual par4cipant as the units of analysis. 
A stanza was defined by threads as students interacted with each 
other around the same topic in a thread. A moving window of four 
was used as four is representa4ve of how many lines students 
normally refer to certain concepts in the data. While the total 
number of students (units of analysis) was 23, the network analysis 

 
1 h6ps://www.epistemicnetwork.org/ 

had high stability. In ENA, stability is primarily concerned with data 
variance and the number of units of analysis, rather than solely 
with par4cipant numbers. In our study, the number of units of 
analysis is smaller than the number of codes. However, the ENA 
points used in our t-test meet standard criteria for valid 
comparisons. The goodness of fit measures for the x-axis are 0.91 
(Pearson) and 0.87 (Spearman), and for the y-axis are 0.89 (Person) 
and (0.89 (Spearman), indica4ng that stability is not a concern. 

The course comprised eight weekly sessions, spanning 7 weeks 
from session 1 to session 8. The trajectory analysis focused on the 
changes in configura4ons of conceptual engagement in the 26 
keyword concepts (Table 1) across three periods of the course. A 
week-by-week analysis reported in another related paper [42] 
showed that the mean of week 1 was notably dis4nct from other 
weeks. The means of weeks 2-4 clustered together, as did the 
means of weeks 5-7. The analysis results using this categoriza4on 
also indicate that the means of these three phases were 
significantly different from each other. We thus report students’ 
epistemic trajectories over the three periods: onset (week 1), 
midway (weeks 2-4), and final (weeks 5-7). 

In order to highlight the epistemic orienta4ons of the students’ 
ac4va4on and responses in the ONA, we further categorized the 
keywords into thema4c categories according to their content and 
epistemic orienta4on, based on the course’s conceptual content (e-
leadership and scalability of technology-enhanced learning 
innova4ons), with closely connected keywords in each category. Of 
the 26 instructor-selected keywords (see Table 1), two (EIAI & ProE) 
were not specifically connected to the theme of e-leadership. 
The remaining keywords were grouped into 8 thema4c categories 
(see Table 3). Two of the categories were empirically oriented 
concepts related to educa4onal concerns (CLO21) and contexts 

(ESC) respec4vely. Three were prac4cally oriented and concerned 
with implementa4on (eLL, LI, ECOS), while the remaining three 
were theore4cally oriented conceptualiza4ons of the solu4on 
(SDesT, SDesP, 

Table 2: Independent Samples Test for the final assignment results of the two groups 

 
Group Mean StandardDevia4on Levene’s Test for Equality of Variances The t-test with unequal variance 
   F Sig t Sig (2-tailed) 

Low 13.650 2.812 6.659 0.017 -5.431*** 0.000 
High 18.885 1.341     
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Figure 1: The means of low-performing (Lo) and highperforming (Hi) 
groups across three 4me periods: Onset, Midway, Final. 

and InnoT). ONA was used to uncover the conceptual ini4a4on and 
responses related to these eight thema4c categories. 

4 RESULTS 
In this sec4on, we first report on how the high and low groups’ 
conceptual foci changed over the three 4me periods using ENA, 
and then report on the conceptual ac4va4on and responses among 
both groups of students over the same 4me periods using ONA. 

4.1 Comparing the epistemic trajectories of the two 
performance groups using ENA 

Regarding the first research ques4on, we uncovered differences in 
developmental trajectory between high and low groups through 
comparing their ENA network configura4ons across the three 4me 
periods: onset, midway and final. Fig. 1 compares the means 
(points) in different periods between the two groups. The 
movement of the points indicates changes in the network 
configura4ons in the two groups. Both high and low groups exhibit 
a similarly shaped trajectory from the onset period to the final 
period while their means maintain significant difference from each 
other along the horizontal dimension. Compara4vely, the low 
group’s later two points are closer to the empirical and theore4cal 
concepts such as CL21 and CoP, whereas the high group’s later two 
points closer to more abstract and theore4cal concepts such as AfL 
and Infr. 

The movement of these points across different periods indicates 
that both groups’ engagement evolved to connect with more new 
concepts from the Midway to the Final period. This evolu4on is 
shown in Fig. 2, which compares the network models of the two 
groups during the three periods, with a minimum edge weight of 
0.06 for focused analysis. The network displays in column (c) of Fig. 
2 present the differences in connec4ons between the two groups 
using subtrac4on. Orange lines represent stronger connec4ons in 
the high group, while purple lines indicate stronger connec4ons in 
the low group. Network displays in Fig. 2(a) and (b) show the 
connec4ons in each group at specific periods before subtrac4on. 

The ENA results show that the high group engaged with more 
diverse concepts earlier than the low group. In the Onset period, 
both groups discussed the empirical concept of digital competence 
(DC), but the high group established more connec4ons with a range 
of key concepts. In the Midway period, both groups engaged with 

Table 3: Eight groups of eLeadership concepts 
Thema4c categories of keywords Keywords included in the thema4c category Epistemic orienta4on & nature of 

thema4c category 

21st Century learning outcomes 
(CLO21) 

digital competence (DC), 21st-century skills (CL21), AI 
Literacy (AIL) 

Empirical 
(Educa4onal concern) 

Educa4on system context (ESC) knowledge ladder (KL), socioeconomic context (SoEC); 
ITEd policy (ITEd) 

Empirical 
(Educa4onal context) 

eLearning leadership (eLL) e-learning leadership (eLL), teacher leadership (TL) Prac4cal 
(Implementa4on constructs) 

Learning innova4on (LI) curriculum innova4on (CI), pedagogical innova4on (PI), 
innova4on diffusion (ID) 

Prac4cal 
(Implementa4on constructs) 

Ecological scalability (ECOS) educa4onal ecology (Eco), catalysts of coherence (CaCo), 
sustainability (Sust); scalability (Scal) 

Prac4cal 
(Implementa4on constructs) 

Scalability design theory (SDesT) architecture for learning (AfL), design-based 
implementa4on research (DBIR), infrastructuring (Infr) 

Theore4cal 
(Problem conceptualiza4on) 

Scalability design prac4ce (SDesP) community of Prac4ce (CoP), teacher design teams (TDT), 
research prac4ce partnership (RPP) 

Theore4cal 
(Strategic conceptualiza4on) 

Innova4on Theory (InnoT) sociotechnical co-evolu4on (STCo); pathways of 
innova4on (Path); mul4level mul4scale leadership 
(MLMS) 

Theore4cal 
(Strategic conceptualiza4on) 
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new concepts introduced, but the low group’s connec4ons were 
centralized around the empirical concept CL21, whereas the high 
group had more diverse cross-connec4ons. In the final period, the 
low group’s connec4ons centered around the prac4cal concept 
CoP, whereas the high group showed more diverse cross-
connec4ons and stronger links among theore4cal concepts like Infr, 
AfL, and Sust. 

While the high group ini4ated discussions with diverse concepts 
from the Onset and had more cross connec4ons, their interac4ons 
with some low group students also broadened the la@er’s 
engagement with more diverse ideas from the Midway period. For 
example, in a discussion thread about “Whether AI has promoted 
equity or widen the gap in educa4on between well-developed 
regions and less-developed regions”, four students in the high 
group started discussing the topic from the Onset and then one low 
group student joined the discussion in the Midway period. In that 
discussion, high group students already touched on some concepts 
from the later sessions. Among these students, one individual 
(10364) mobilized the concept of infrastructure (Infr) to discuss the 
issues faced by children from low socioeconomic backgrounds. 

“Aye. That’s true. I totally agree with you on this one, 
when there is no access to computers or internet, all 
the discussion on using AI to help talent children in 
poor regions will be in vain. I am thinking using 
technology to help the kids in a region with adequate 
developed infrastructure and hardware . . ..” (Student 
10364, Onset). 

4.2 Comparing the paTerns of conceptual acAvaAon 
and responses of the two performance groups 
using ONA 

In this sec4on, we first report on the pa@erns of conceptual 
ac4va4on and responses of the two performance groups during 
the en4re course, and then a comparison for each of the three 4me 
periods as used in the ENA analysis reported above. 

4.2.1 The pa@erns of conceptual ac4va4on and responses 
throughout the en4re course. Concerning the second research 
ques4on, we found that there were differences in ac4va4on and 
responses of concepts between low and high groups throughout 
the en4re course period. We found a significant difference 
between the high group (mean = 0.13, SD = 0.22) from the low 
group (mean = -0.17, SD = 0.13; t = 3.99, p = 0.001, Cohen’s d = 
1.57) along the x axis (MR1). Along the y axis (SVD2), there was no 
sta4s4cally significant difference between the high group and the 
low group. This aligns with the compara4ve results in the ENA. 
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In Fig. 3, networks (a) and (b) display the models of each group 
before subtrac4on, showing the configura4on of the eight thema4c 
categories (Table 3). Black chevrons indicate the direc4on of 

informa4on flow between constructs [40]. For example, in Fig. 3(a), 
across three different 4me periods: Onset, Midway, Final. 

CLO21 is more frequently used in response to LI, as shown by the 
chevron poin4ng toward CLO21. This means the low-performing 
group tended to use CLO21 to respond to LI rather than the other 
way around. Fig. 3(c) shows the differences in response pa@erns 
between the two groups acer subtrac4on. Red edges represent 
stronger connec4ons in the high group, while blue edges indicate 
stronger connec4ons in the low group. 

The three ONA result displays in Fig. 3 show differences in 
response pa@erns between the two groups. Fig. 3(a) and (b) 
indicate that both groups engaged heavily in discussions around 

the empirical constructs in CLO21. The subtrac4on network in Fig. 
3(c) reveals that the low group used the empirical construct CLO21 
to respond to the prac4cal constructs ECOS and LI more frequently. 

In contrast, the high group used the theore4cal construct SDesT 
and the prac4cal construct eLL more to respond to CLO21. 
4.2.2 The pa@erns of conceptual responses across three 4me 
periods. We further uncovered pa@erns of conceptual responses 
by comparing the ONA results for the two performance groups 
during three periods (see Fig. 4). The means for both groups 
remained significantly different along the x dimension throughout 
the phases. 

• Onset period: Significant difference along the x axis (MR1) 
between the high group (mean = 0.14, SD = 0.27) and the 
low group (mean = -0.23, SD = 0.25; t = 3.12, p = 0.007, 
Cohen’s d = 1.38). No significant difference along the y axis 

 

Figure 2: The network configura4ons of (a) low-performing (b) and high-performing groups and (c) their subtrac4on results 



Epistemic orienta2on, learning trajectories, outcomes LAK 2025, March 03–07, 2025, Dublin, Ireland 

325 

(SVD2). • Midway period: Significant difference along the x 
axis (MR1) between the high group (mean = 0.15, SD = 
0.19) and the low group (mean = -0.20, SD = 0.15; t = 5.04, 
p = 0.000, Cohen’s d = 2.05). No significant difference along 
the y axis (SVD2). 

their subtrac4on results throughout the en4re course period. 

• Final period: Significant difference along the x axis (MR1) 
between the high group (mean = -0.13, SD = 0.12) and the 
low group (mean = 0.17, SD = 0.20; t = -4.23, p = 0.001, 
Cohen’s d = 1.90). No significant difference along the y axis 
(SVD2). 

Regarding the trajectory of conceptual responses, the low 
group ini4ally used empirical constructs CLO21 and ESC to 
respond to prac4cal constructs like LI and eLL, indica4ng a focus 
on empirical knowledge related to educa4onal concerns. The 
prominence of CLO21 shows many discussions involved 
responses within this concept. During the Midway period, the low 
group engaged intensely with CLO21 and ESC, but also began 
using the prac4cal construct LI and ECOS for problem 
conceptualiza4on. By the final period, the low group shiced from 
intense use of empirical constructs under CLO21 to employing 
more diverse theore4cal constructs like InnoT, SDesP, SDesT, and 
prac4cal constructs like ECOS. 

For the high group, ini4al responses during the Onset period 
were similar to the low group, focusing on empirical constructs 
like CLO21 and ESC. The subtrac4on results show the high group 
also used prac4cal constructs like LI and eLL more prominently. 
During the Midway period, the high group shiced to more diverse 
constructs, using prac4cal (e.g., ECOS, LI) and theore4cal 
constructs (e.g., SDesP) to respond to CLO21, with other 
dominant cross-connec4ons. In the Final period, they focused 
more on nonempirical concepts, using mul4ple theore4cal 
constructs such as SDesT, SDesP, and InnoT, along with prac4cal 
constructs like ECOS. 

The comparison plots from Onset through Midway to Final 
between the low and high groups revealed some dis4nct 
differences. First, the high group mobilized compara4vely more 
abstract theore4cal constructs and earlier and used more diverse 
constructs to respond to other concepts earlier. For example, in a 

discussion thread about “What is educa4onal leadership?”, two 
students in the high group and two students in the low group 
discussed the topic during the Midway period. Student 9887 from 
the low group u4lized the prac4cal construct, eLL, to respond to 
the last pos4ng involving the prac4cal constructs, eLL and ECOS 
and theore4cal construct, SDesT posted by student 9889 from the 
high group. “School Culture and Climate: Educa4onal leaders 
foster a posi4ve and inclusive school culture that values diversity, 
promotes collabora4on, and ensures a safe and suppor4ve 
learning environment for all students. They act as role models for 
students and educators, promo4ng fairness, equity, and social 
jus4ce in educa4on.” (Student 9889, high group, Midway). 

“I may express Teacher Leadership in the context of 
early childhood educa4on. In kindergarten, . . . It 
involves demonstra4ng exper4se, influencing 
posi4ve change, and making meaningful 
contribu4ons to the field of early childhood 
educa4on.” (Student 9887, low group, Midway). 

5 DISCUSSION 
This study aimed to compare conceptual engagement pa@erns 
between low- and high- performing groups. Both ENA and ONA 
results showed that students in both groups changed their 
conceptual connec4ons over 4me during the eLeadership course, 
learning to connect new knowledge resources during forum 
discussions. The integra4on and reorganiza4on of concepts in 
these models indicate learning [27]. From a systems perspec4ve on 
knowledge development [25], the ENA and ONA models illustrated 
which knowledge resources students ac4vated and how they made 
connec4ons over 4me. 

Within the course expecta4ons, students con4nuously 
integrated new concepts in their discussions on e-Leadership. Over 

 

Figure 3: The pa@erns of concepts between (a) low-performing (blue edges) and (b) high-performing groups (red edges) and (c) 
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4me, their novice concepts evolved with new knowledge 
resources. However, low- and high- performing students differed in 
when and how they ac4vated and used these resources. Exis4ng 
studies show that novice learners and experts organize their 
knowledge differently to solve unfamiliar problems [25][26]. This 
study further highlighted differences in epistemic orienta4on, 
showing varia4ons in how and when learners integrated and 
organized new knowledge resources. 

The ENA results showed significant differences in conceptual 
engagement pa@erns between low- and high-performing groups. 

Both groups engaged with new keyword concepts, but their 
development over 4me differed (Fig. 1). The high group tended to 
include theore4cal and abstract concepts, while the low group 
focused more on prac4cal and empirical concepts. The high group 
also ac4vated new keyword concepts and integrated theore4cal 
with empirical and prac4cal concepts earlier than the low group 
(Fig. 2). 

The ONA results showed that high-performing students were 
more proac4ve in ac4va4ng diverse knowledge resources to 
address educa4onal concerns (e.g., CLO21, Fig. 3(c)). Midway 
through the course, while the low-performing group was s4ll 
focused on CLO21 (Fig. 4(a)), the high group had already 
incorporated diverse concepts into their discussions. The high 
group used abstract theore4cal constructs to respond to other 
concepts from the midway point. By the end of the course, the low 
group also began employing abstract theore4cal constructs to 
address empirical constructs (Fig. 4(a)). 

These results have two implica4ons for professional educa4on. 
First, encouraging students to experiment with new concepts in 
low-stakes forma4ve assessments can foster professional 
dialogues. The forum discussions in the e-Leadership course, 
designed as lowstakes tasks, allowed students to test their ideas in 
a suppor4ve environment. Leveraging the course’s flipped design, 
high-performing students were more likely to incorporate new 

 

Figure 4: The pa@erns of conceptual networks between (a) low-performing (b) and high-performing groups and (c) their subtrac4on results 
across three different 4me periods: Onset, Midway, Final. 
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concepts from their readings into forum discussions before 
engaging in deeper class interac4ons. This proac4ve behavior may 
have enhanced their subsequent learning and performance. 

Second, the low-performing group benefited from ac4va4ng 
diverse knowledge resources through forum interac4ons with the 
high-performing group. The ONA subtrac4on networks showed the 
largest differences in response pa@erns during the midway period. 
By the final periods, these differences reduced, indica4ng that 
while the low group was less proac4ve in experimen4ng with new 
concepts, they s4ll incorporated prac4cal and theore4cal 
constructs in their posts. This open explora4on in forums 
encourages the integra4on of new knowledge resources. Students 
likely did not have a naive but coherent theory of technology-
enhanced learning and educa4onal change scalability. Instead, 
keywords served as ”Knowledge in Pieces” [22]. Par4cipa4on in 
forum discussions facilitated conceptual reorganiza4on, leading to 
a more coherent understanding of key course concepts. 

This study highlights the poten4al of developing ENA and ONA 
trajectory analysis as forma4ve learning analy4cs. The reported 
ENA and ONA analyses were post-course inves4ga4ons using 
temporal conceptual configura4ons at three different periods, not 
con4nuous developmental trajectories. Future development of 
con4nuous conceptual trajectories based on ENA and ONA could 
provide valuable tools for teachers to track the knowledge 
resources students organize, mobilize, and respond to, informing 
the con4nuous refinement of learning and feedback design. 

An important limita4on of this study is that we only inves4gated 
epistemic differences between performance groups. We do not 
know what factors, such as disciplinary background or professional 
experience, might contribute to differences in individual 
assignment scores. Further research could iden4fy barriers that 
prevent lowperforming students from ac4va4ng new knowledge 
resources. Design-based research with varied course and forum 
designs may reveal effec4ve interven4ons to promote proac4ve 
ac4va4on of new knowledge resources. 

6 CONCLUSION 
This study reveals epistemic differences among adult learners in 
their conceptual engagement pa@erns in the humani4es. Building 
on exis4ng research on novice learners and experts (e.g., Nash & 
Shaffer, 2013) [34], it uncovers dispari4es between low- and high-
performing learners. These dispari4es highlight a range of 
epistemic orienta4ons, with some students favoring empirical or 
prac4cal constructs, while others gravitate towards theore4cal 
ones. 

The study demonstrates the poten4al of Epistemic Network 
Analysis (ENA) and Ordered Network Analysis (ONA) as tools for 
genera4ng learning analy4cs for low-stakes forma4ve assessments, 
helping to understand differences in learners’ conceptual 
development. Addi4onally, the findings highlight the benefits of 
designing learning environments that encourage explora4on of 
new ideas and facilitate the ar4cula4on and nego4a4on of newly 
acquired knowledge. 
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