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Abstract

 
With the increasing application of learning analytics in online learning communities, network analysis methods have emerged as powerful and efficient tools for deepening our understanding of collaborative learning processes, especially within the community of inquiry (CoI) framework, offering insights that extend beyond the examination of interaction patterns. This systematic review synthesizes findings from 43 empirical studies, with a focus on the application of social and epistemic network analysis methods (SNA and ENA) in CoI research in higher education contexts. Key findings highlight the value of SNA and ENA in investigating interaction patterns, refining CoI theory, examining community formation and evolution, analyzing discourse and knowledge construction, tracing the development of CoI presences, and identifying SNA measures relevant to CoI presences. This review also identifies the current challenges and opportunities in using SNA and ENA, as well as the potential for integrating both methods in future CoI research. By revealing both the strengths and limitations of existing studies, this review offers actionable implications for researchers, educators, and instructional designers aiming to enhance the design and analysis of online learning communities.
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Introduction


The community of inquiry (CoI) framework, rooted in collaborative constructivist theory, was introduced to understand the concept of community in online discussions (Garrison et al., 2000). It comprises three core presences: cognitive, social, and teaching presence. Cognitive presence refers to the ability of learners to construct meaning through sustained reflection and discourse (Garrison et al., 2001), and it can be considered an important indicator of critical thinking. Social presence is defined as “the ability of participants in a community of inquiry to project themselves socially and emotionally, as ‘real’ people (i.e., their full personality), through the medium of communication being used” (Garrison et al., 2000, p. 94). Teaching presence, which encompasses the design, facilitation, and direction of cognitive and social processes, is essential in guiding learners through online educational experience (Anderson et al., 2001; Garrison & Arbaugh, 2007). Together, these presences foster deep and meaningful inquiry, transforming online communication into a medium for collaborative knowledge construction (Kozan & Richardson, 2014; Shea & Bidjerano, 2009). Traditional analyses of CoI in online and blended courses rely on surveys (Arbaugh et al., 2008) and quantitative content analysis (e.g., Satar & Akcan, 2018; Wicks et al., 2015). However, these methods are limited by self-reported data and their inability to capture dynamic interactions or the depth of critical thinking. To address these challenges, researchers increasingly adopt network analysis methods, particularly social network analysis (SNA) and epistemic network analysis (ENA), leveraging learning analytics to explore complex interaction patterns in online discourse.

 
SNA characterizes networked structures in terms of nodes (people, groups, or organizations) and edges (relationships or interactions) that connect them, producing visual representations and mathematical analysis (Wasserman & Faust, 1994), which can help us understand the network data and provide insights into the various roles and groupings in a network (Cela et al., 2015). SNA commonly employs several measures to describe the structure and characteristics of a network, such as centrality, cohesion, density, and centralization. Based on these measures, SNA focuses on the connections between individuals, identifying influential participants, interaction, social dynamics of knowledge construction and creation, and the community’s overall cohesion (Jan et al., 2019).

 
ENA is a novel analytical method designed to identify, quantify, and compare connections among elements in coded data by representing these relationships as dynamic networks that model patterns of association (Shaffer et al., 2016). The ENA algorithm comprises three fundamental components: units, conversations, and codes. Units refer to the entities whose network connections are being analyzed, such as individuals, concepts, or groups. Conversations are collections of data segments within which ENA models connections between concepts. Codes represent specific concepts whose patterns of association are being examined. The ENA algorithm uses a moving window to construct a network model for each line in the data, showing how codes in the current line are connected to those that occurred previously (Siebert-Evenstone et al., 2017). Furthermore, ENA is a kind of semantic network analysis which focuses more on the developmental trajectory of students’ online discourses, revealing the development of students’ cognitive thinking (Shaffer et al., 2016).

 
SNA and ENA both fall under the umbrella of network analysis methods, offering complementary insights in online learning: SNA captures the structural dynamics among learners, while ENA reveals how meaning is constructed through discourse. A literature review synthesizing the use of SNA and ENA in CoI studies is crucial for understanding current methodological trends, identifying research gaps, and highlighting innovative approaches. More importantly, such a review informs future researchers by exploring the potential for integrating both methods into future CoI studies.


Existing Literature Review


Jan et al.’s (2019) review of nine studies examining CoI in higher education through SNA revealed two key findings: inconsistent results across studies, and a methodological tendency to combine SNA only with content analysis and statistical methods. Similarly, Elmoazen et al. (2022) noted the use of ENA in several CoI-related studies. However, their review lacked detailed analysis or discussion of these applications. Notably, neither review solely concentrated on CoI research, thereby limiting a deeper understanding of the methodological contributions and practical implications of using SNA and ENA within CoI research in distance learning contexts. Given this gap, a comprehensive and focused review is necessary to better understand how network analysis methods contribute to uncovering the relational and cognitive dynamics of online participation within the CoI. Such an understanding can provide researchers and practitioners with contextualized insights and actionable implications for designing more effective online learning environments and facilitating meaningful asynchronous online discussions (AODs). Therefore, this study was conceived to comprehensively review all existing research on the application of SNA and ENA in higher education within open and distance learning environments and examine the following research questions:

 
RQ1: What are publication trends, popular publication sources, and presences examined in studies that employ SNA and ENA methods?

 
RQ2: What are the key research purposes and findings in selected studies?


Methodology


A literature review is a respected scholarship method for understanding the scope and content of published literature. In this study, we followed the instructions and guidelines based on preferred reporting items for systematic reviews and meta-analyses (PRISMA; Page et al., 2021) to conduct this review.


Literature Search


To locate relevant articles, we searched the following major databases: Web of Science, Scopus, EBSCO, including Education Full Text (H. W. Wilson), Education Source, ERIC, Social Sciences Full Text (H. W. Wilson), and ScienceDirect. The target studies had to be published between January 2010 and December 2024.

 
Search terms were developed using a set of predefined keywords (Table 1) and applied using Boolean search operators. Each database was searched independently using combinations of these terms. All retrieved records were then imported into Covidence software (https://www.covidence.org/) to facilitate screening and management of the review process.


Table 1

Search Terms for Identifying Community of Inquiry Studies Using SNA and ENA 

  	 Term
 	 Search Terms
 

	Community of inquiry
 	 social presence OR teaching presence OR cognitive presence OR learning presence OR communities of inquiry OR community of inquiry OR CoI OR practical inquiry model
 

	Higher education
 	undergraduate OR graduate OR doctoral OR college* OR university
 

	Network
 	network* OR interaction*
 





Eligibility Criteria


We adopted seven eligibility criteria to guide the screening process of relevant research: (a) studies should have CoI as the foundational framework; (b) studies should be written in English; (c) studies should have full access and be published in peer-reviewed journals or conference proceedings; (d) studies should be conducted in online higher education; (e) the data analyzed in these studies must include AODs, as network analysis methods were employed to capture interaction patterns derived from asynchronous discussion boards; (f) studies should employ SNA or ENA to analyze AODs; and (g) studies should be empirical studies.


Data Collection and Screening Process


For collecting the articles, we conducted a literature search in four stages: identification, screening, eligibility, and inclusion. We began identification by searching Scopus, Web of Science, ScienceDirect, and EBSCO. This search yielded a total of 7,133 studies. After automatically removing duplicates (n = 1,728) using Covidence, the remaining 5,405 articles were included in the next screening stage. To screen the literature, we primarily excluded articles based on their title, abstract, and data analysis method. To be noted, the primary reason for the large reduction is that our initial search strategy intentionally employed broad search terms across multiple databases to ensure comprehensive coverage of all potentially relevant studies. We also found that two articles were written in a language other than English. Finally, a total of 63 studies were eligible for full-text assessment. Based on the eligibility criteria, 31 studies were included in this review. The detailed data screening process is presented in Figure 1.


Figure 1

Screening Flowchart for Articles Included in This Review



Note. CoI = community of inquiry.

 
Additionally, given that the application of learning analytics methods has also been predominantly recognized and disseminated through the International Learning Analytics and Knowledge Conference (LAK) and the International Conference on Quantitative Ethnography (ICQE), the proceedings from these conferences were also included in our search to ensure a comprehensive review. Accordingly, we conducted additional searches on Google Scholar, LAK, and ICQE, and hand-searched relevant studies from the reference lists of the 31 studies identified in the screening. These additional procedures yielded 12 relevant conference papers. In total, 43 studies were included in this review.


Data Coding and Analysis


To code the selected articles, we carefully read, analyzed, and coded each article. They first collected the basic information (publication year, journals and conferences, presences included) from each study to answer RQ1. Then, the coders synthesized the research topics and findings of each study from the abstract, results, discussion, and limitation sections for answering RQ2. To ensure validity and reliability, the coders met each week and discussed the uncertain items until a 100% agreement was reached. The results are introduced and presented in the following section.


Results

RQ1: What are publication trends, popular publication sources, and presences examined in studies that employ SNA and ENA methods?

Publication Trends


Figure 2 presents the distribution of using SNA and ENA methods in journal articles and conference proceedings. The first article using SNA to assess the CoI framework in higher education appeared in 2010, and the first ENA article was published in 2018. In addition, a noticeable increase in articles employing ENA methods was observed in 2024, suggesting a growing recognition and adoption of the ENA approach among researchers. This reveals that the research on using ENA in CoI research is still in its early stage of development. Overall, the combined number of ENA and SNA publications has gradually increased since 2013.

 
Figure 2

Number of Published Articles Using ENA or SNA Methods, 2010–2024



Note. ENA = epistemic network analysis; SNA = social network analysis.


Popular Publication Sources


This review identified 26 publication sources, including 5 conference proceedings and 21 journals, ultimately contributing to the 43 studies. Figure 3 presents the most popular publication sources.

 
Figure 3

Popular Publication Sources of Articles Identified for This Review




Presences Included


Table 2 provides an overview of the presences investigated using SNA and ENA within all selected studies. Social and cognitive presences were most frequently explored, while teaching presence received less attention. SNA has been more widely used, with studies covering all CoI presences. In contrast, ENA studies have primarily focused on social and cognitive presence, with fewer exploring teaching presence and none addressing learning presence independently. The combination of social and cognitive presence is the most commonly examined across both methods.

 
Table 2

Distribution of Community of Inquiry Presences and Analysis Methods in Reviewed Articles, 2010–2024

  	Presence
 	SNA
 	ENA
 

	Social
	Castellanos-Reyes et al. (2024); Lim (2023); Norz et al. (2023, 2024); Satar & Akcan (2018); Wu et al. (2022); Yen et al. (2022)
	Ferreira et al. (2020); Moraes et al. (2021); Rolim, Ferreira Mello, Kovanović, & Gašević (2019); Scianna et al. (2022)


	Cognitive
	Alwafi (2022); Galikyan & Admiraal (2019); Jo et al. (2017); Lim (2024); Oh et al. (2018); Sadaf & Olesova (2020); Sadaf et al. (2024)
	Ba et al. (2023, 2024); Farrow et al. (2021); Ferreira Mello et al. (2018); Iqbal et al. (2022)


	Teaching
	Wang & Liu (2020)
	


	Learning
	Jimoyiannis & Tsiotakis (2017); Shea et al. (2013)
	


	Social & cognitive
	Tirado-Morueta et al. (2015, 2020); Williams-Dobosz et al. (2021)
	Fathali (2024); Ferreira et al. (2021, 2022); Ferreira Mello & Gašević (2019); Rolim, Ferreira Mello, Lins, & Gašević (2019)


	Social & cognitive & teaching
	Shea et al. (2010)
	Elmoazen et al. (2024)


	Social & cognitive & teaching & learning
	Shea et al. (2014); Wicks et al. (2015)
	


	Not explicitly referring to any specific presence
	Eryilmaz et al. (2022); Jan (2018); Jan & Vlachopoulos (2018, 2019); Papanikolaou et al. (2020)
	





Note. SNA = social network analysis; ENA = epistemic network analysis.


RQ2: What are the key research purposes and findings in selected studies?

Participation and Interaction Patterns


Network analysis methods can uncover and map the levels of participation and the evolution of interaction patterns among online learners (Saqr & Alamro, 2019). Drawing on Moore’s (1989) framework, the selected studies can be also categorized into: learner-learner interaction (e.g., Sadaf & Olesova et al., 2020; Sadaf et al., 2024), further divided into group and individual level (e.g., Jo et al., 2017; Satar & Akcan, 2018), learner-content interaction (e.g., Alwafi, 2022; Jo et al., 2017; Sadaf & Olesova et al., 2020), and learner-instructor interaction (e.g., Jan, 2018; Lim, 2024; Satar & Akcan et al., 2018; Wang & Liu, 2020). For instance, novice and experienced instructors facilitated discussion board interaction patterns (Lim, 2024), and findings showed that there were no significant differences in students’ cognitive presence based on instructors’ interaction patterns. Additional interaction types, such as learner-system interaction, have also been noted (Jo et al., 2017). These interactions play a pivotal role in shaping the dynamics and outcomes of AODs. Furthermore, interaction can also be explored through various intervention scaffoldings, including structured prompts, role assignments, and scenario-based tasks, which can foster reflective thinking, collaboration, and deeper cognitive engagement (e.g., Lim, 2024; Oh et al., 2018; Sadaf & Olesova, 2020). Moreover, discussion strategy with learning analytics made learners aware of their level and quality of interaction (Alwafi, 2022).


Refining CoI Theory


Network analysis methods provide valuable insights for refining the CoI framework. Beyond the traditional three presences, learning presence was introduced as a potential fourth construct, emphasizing learners’ active engagement in self-regulated learning (Shea & Bidjerano, 2010). It highlights self-efficacy and effort regulation as key components of meaningful participation (Shea & Bidjerano, 2010; Shea et al., 2013).

 
Additionally, ENA has been widely employed to examine the interrelationships between social and cognitive presence, particularly across the phases of cognitive presence and indicators of social presence (Fathali, 2024; Ferreira et al., 2021, 2022; Ferreira Mello & Gašević, 2019; Rolim, Ferreira Mello, Lins, & Gašević, 2019). Main findings have shown that social presence indicators are more strongly associated with the exploration and integration phases of cognitive presence. Specifically, affective indicators of social presence connect more with advanced cognitive phases, such as integration and resolution, whereas interactive indicators are tied to early phases, such as triggering events and exploration (Fathali, 2024; Rolim, Ferreira Mello, Lins, & Gašević, 2019). Moreover, ENA-based studies provide additional insights by revealing comparisons in the connections between social and cognitive presences across different contexts, such as learners’ emerging roles (Elmoazen et al., 2024; Ferreira et al., 2021), performance levels (Fathali, 2024), and experimental conditions, including scaffolding interventions (Rolim, Ferreira Mello, Lins, & Gašević, 2019).


Community Formation and Evolution


The terms network and community are closely related, as a network is a group of entities joined together to form a community (Jan & Vlachopoulos, 2018). The main aim of community detection is to identify different groups or clusters of nodes within the network that share some similar characteristics. Therefore, researchers aimed to use SNA as an analytics tool for exploring the community formation within CoI. For example, Papanikolaou et al. (2020) explored how SNA metrics was related to CoI presences and pointed out that gamification can facilitate CoI development. Two articles focused on the influence of various learning designs on types of community formation and evolution through SNA (Jan & Vlachopoulos, 2018, 2019). Additionally, researchers found that AOD topics and individual reflections influence community formation (Eryilmaz et al., 2022). Furthermore, students with higher social presence are more likely to contribute to community evolution (Yen et al., 2022).


Discourse and Knowledge Construction


Another key theme was exploring how students’ collaborative knowledge is constructed through AODs within the CoI framework with the four presences: teaching presence (Shea et al., 2014; Wang & Liu, 2020), learning presence (Shea et al., 2013, 2014), cognitive presence (Shea et al., 2014; Tirado-Morueta et al., 2015) and social presence (Shea et al., 2014; Tirado-Morueta et al., 2015). These studies suggested that the social knowledge construction process can be predicted, measured, and analyzed by students’ network positions (Shea et al., 2014; Tirado-Morueta et al., 2015). Notably, the findings emphasized that knowledge construction is closely related to social, cognitive, and learning presences (Tirado-Morueta et al., 2015), while teaching presence appears to have a relatively limited impact on this process (Shea et al., 2014). Thus, SNA emerges as a valuable method for gaining deeper insights into how knowledge is constructed collaboratively within online or blended learning environments.


The Trajectory of Single Presence or Multiple Presences


SNA has proven effective in capturing the evolution of social presence (Castellanos-Reyes et al., 2024; Wu et al., 2022) and mapping the weekly progression of interactions (Jan, 2018). That is, trajectory tracking can be effectively detected and visualized using SNA. For instance, interaction tends to evolve over time, with the middle of a course identified as the most productive and effective period for students to establish social presence and engage in deep-level learning (Wu et al., 2022).

 
ENA has proven effective in uncovering discourse patterns and developmental trajectories, with studies examining cognitive presence patterns (Ba et al., 2023, 2024; Farrow et al., 2021; Ferreira Mello et al., 2018; Iqbal et al., 2022), the evolution of social presence (Ferreira et al., 2020; Moraes et al., 2021; Rolim, Ferreira Mello, Kovanović, & Gašević, 2019; Scianna et al., 2022), and temporal changes in the relationship between social and cognitive presences (Fathali, 2024; Rolim, Ferreira Mello, Lins, & Gašević, 2019). These findings highlight the temporal progression of cognitive engagement and the dynamic interconnections among cognitive presence indicators. Trajectory analyses also compared variations across roles in AODs (Elmoazen et al., 2024), learning contexts (remote vs. hybrid; Scianna et al., 2022), coding approaches (Ferreira et al., 2020), and instructional scaffolds (Ferreira Mello et al., 2018; Iqbal et al., 2022).


Identifying SNA Measures Relevant to CoI Presences


The efficacy of SNA is to understand the dynamics of online learning within a CoI framework by comparing patterns produced by various SNA measures with those developed using content analyses. Table 3 summarizes the distribution of SNA measures in selected CoI studies.

 
Table 3

The Distribution of SNA Measures in Community of Inquiry Studies, 2010–2024

  	SNA measure
 	 Definition
 	Studies
 

	Node level
 

	Degree centrality
 	Number of ties to other nodes in the network.
 	Castellanos-Reyes et al. (2024); Eryilmaz et al. (2022); Galikyan & Admiraal (2019); Jan (2018); Jimoyiannis & Tsiotakis (2017); Jo et al. (2017); Lim (2023, 2024); Norz et al. (2023, 2024); Oh et al. (2018); Papanikolaou et al. (2020); Sadaf & Olesova (2020); Sadaf et al. (2024); Satar & Akcan (2018); Shea et al. (2013, 2014); Tirado-Morueta et al. (2015, 2020); Wang & Liu (2020); Wicks et al. (2015); Williams-Dobosz et al. (2021); Yen et al. (2022) 
 

	Closeness centrality
 	Average shortest path from a given node to all other nodes in the network.
 	Eryilmaz et al. (2022); Norz et al. (2023, 2024); Papanikolaou et al. (2020); Sadaf et al. (2024); Yen et al. (2022)
 

	 Betweenness centrality
 	 Number of shortest paths that have to pass to reach a given node.
 	 Eryilmaz et al. (2022); Jo et al. (2017); Norz et al. (2023, 2024); Sadaf et al. (2024); Yen et al. (2022)
 

	Eigenvector centrality
 	Quality and level of how individuals strategically connect to other more active or well-connected members.
 	Sadaf et al. (2024); Williams-Dobosz et al. (2021); Yen et al. (2022)
 

	Dyad level
 

	Reciprocity
 	Extent to which two individuals in a network reciprocate each other’s connections.
 	Castellanos-Reyes et al. (2024); Jan (2018); Jan & Vlachopoulos (2018, 2019); Lim (2023, 2024); Norz et al. (2023); Sadaf et al. (2024) 
 

	Subgroup and overall network level
 

	Clique
 	Small subgroups made of nodes directly connected to one another but loosely connected to the network core.
 	Jan & Vlachopoulos (2018, 2019); Jimoyiannis & Tsiotakis (2017)
 

	Density
 	Number of connections formed within a network.
 	Alwafi (2022); Castellanos-Reyes et al. (2024); Jan (2018); Jo et al. (2017); Lim (2023, 2024); Norz et al. (2023); Oh et al. (2018); Sadaf et al. (2024); Satar & Akcan (2018); Tirado-Morueta et al. (2015, 2020); Wang & Liu (2020); Yen et al. (2022)
 

	Transitivity
 	Density of loops of the length of three (triangles) in a network.
 	Jan (2018); Jan & Vlachopoulos (2018, 2019)
 

	Centralization
 	 How tightly interaction within a network is organized around its most focal points.
 	 Jan (2018); Jan & Vlachopoulos (2018, 2019); Jo et al. (2017); Lim (2023, 2024); Sadaf et al. (2024); Satar & Akcan (2018); Tirado-Morueta et al. (2015, 2020)
 

	Cohesion
 	 Degree of linkage among participants in the network.
 	 Jimoyiannis & Tsiotakis (2017); Tirado-Morueta et al. (2015, 2020)
 




Note. Definitions adapted from Social Network Analysis: Methods and Applications by S. Wasserman and K. Faust, 1994, Cambridge University Press. CoI = community of inquiry.

 
In summary, studies using SNA focus on three levels of analysis: node, dyad, and subgroup and overall network. At the node level, degree centrality measures were frequently used, followed by closeness centrality, betweenness centrality, and eigenvector centrality. Degree centrality, including indegree and outdegree centrality, serves as a key indicator of participants’ interaction levels and their positional roles within AODs (e.g., Lim, 2023, 2024; Sadaf & Olesova, 2020). High outdegree centrality reflects active participation, while high indegree indicates prestige (e.g., Lim, 2023, 2024). Research shows that students with higher social, cognitive, and learning presence are often central within interaction networks, correlating positively with centrality measures (Shea et al., 2013, 2014; Wicks et al., 2015). For instance, high levels of social presence were observed in contributions of learners who were central to the network (Satar & Akcan, 2018; Shea et al., 2013, 2014). However, SNA measures present contradicting results for teaching presence. Some studies indicate that students with high levels of teaching presence are not always central in the network, suggesting that teaching presence may influence learning differently, possibly through guidance and support rather than direct interaction (Shea et al., 2014). However, an alternative perspective suggests that instructors are key players in the group as central actors (Satar & Akcan, 2018).

 
At the dyad level, reciprocity measures mutual connections. Novice instructors tend to have higher reciprocity compared to experienced instructors (Lim, 2024), and higher network density is associated with increased reciprocity (Lim, 2023). At the subgroup and overall network level, density and centralization are frequently examined. Density reflects overall connectedness, with higher scores indicating cohesive groups and increased centralization (Lim, 2024; Satar & Akcan, 2018). High centralization suggests interactions revolve around a focal participant (Jo et al., 2017). Research also found that cohesion and density can positively influence social and cognitive presence, with density exerting a stronger effect on social presence (Tirado-Morueta et al., 2020). Overall, these findings highlight the interplay between SNA measures and the CoI framework, demonstrating how network structure influences CoI presences in AODs.


Discussion


The systematic literature review reported in this paper examined 43 empirical studies to deepen our understanding of how SNA and ENA have been applied in CoI research. The results highlight the relevance of CoI research while illustrating how SNA and ENA function as powerful conceptual and methodological resources for capturing the complexities of online learning processes. However, the majority of the selected studies employed relatively small sample sizes and were conducted over short durations, often lacking a longitudinal perspective (e.g., Galikyan & Admiraal, 2019; Lim, 2024). As a result, the generalizability of their findings is limited, as results are context-bound and specific to the participant groups involved. To enhance the validity and applicability of these findings, future research should aim to replicate studies across diverse educational settings and populations. In addition, some studies only used 2-week or 3-week datasets (e.g., Eryilmaz et al., 2022; Jan & Vlachopoulos, 2018). Therefore, there is also a need for longitudinal studies.

 
From the theoretical perspective, SNA can be a useful method to validate learning presence as a new construct for the CoI framework (Shea et al., 2013, 2014, Wicks et al., 2015), while ENA effectively examines the interplay between social and cognitive presences across various contexts (e.g., Fathali, 2024; Rolim, Ferreira Mello, Lins, & Gašević, 2019). The resulting insights also invite a refinement of the CoI framework by revealing how cognitive presence develops within specific interaction structures and how social presence influences collective knowledge integration. However, both methods have given limited attention to teaching and learning presences, with ENA yet to explore learning presence. Such findings highlight the potential for reconceptualizing the CoI framework to account for the evolving interplay among its presences and further explore teaching and learning presence in future studies.

 
From educators’ and instructional designers’ perspectives, integrating SNA and ENA in analyzing AODs provides valuable qualitative and quantitative insights into students’ overall interaction patterns, cognitive engagement and development, and progression of interactions. Such insights enable educators to provide timely feedback and refine course design (e.g., Ferreira et al., 2022). For instance, placing greater emphasis on interactive elements and supporting cognitive development, especially during the exploration and integration phases, can improve learning outcomes (Fathali, 2024). Recognizing these temporal patterns allows instructional designers to align course activities and interventions with high-engagement periods, enhancing the learning experience and self-regulated skills (Galikyan & Admiraal, 2019). There is also a need for instructors to play an active role in facilitating AODs and improving the depth and quality of participation (Wang & Liu, 2020). Therefore, more studies should be conducted to emphasize the importance of learner-to-instructor interaction (Fathali, 2024; Lim, 2024; Satar & Akcan, 2018; Shea et al., 2013; Wang & Liu, 2020). Additionally, network visualizations can demonstrate the impact of discussion prompts, role assignments, and scaffolds: structured prompts and reflective roles lead to more cohesive and interconnected networks, promoting deeper learning (e.g., Lim, 2024; Oh et al., 2018). Researchers could further examine how different instructional interventions shape students’ interaction patterns and cognitive engagement. Such inquiry would enable instructors to identify when and how to provide timely, targeted support to learners in online environments.

 
Methodologically, both ENA and SNA provide visual representations to capture both individual and group-level dynamics that make complex interactions more interpretable. However, most studies using SNA focus on basic measures, such as centrality, cohesion, and centralization. More measures such as multiplexity, clique, and diameter should also be explored and validated to assess their potential applicability. Studies using ENA have demonstrated its validity to capture the complex interplay between social and cognitive presences or solely explore social presence or cognitive presence by comparing different groups. As a novel approach, ENA has the potential to explore more aspects of CoI research. Furthermore, current CoI literature is characterized by a methodological imbalance, as researchers typically apply SNA or ENA independently rather than in combination. It highlights a methodological gap and presents a promising avenue for future inquiry. Specifically, combining SNA and ENA can provide a more holistic understanding of online learning by capturing both the structural patterns of interaction and the epistemic dimensions of discourse.


Implications


The application of SNA and ENA in CoI research addresses many aspects related to the online learning experience. Based on prior results, we point out three research challenges and opportunities essential for future research:


Using SNA in CoI Research: Challenges and Opportunities


SNA has proven to be an effective technique for analyzing CoI research, which enables the mapping and identification of CoI structures, revealing patterns of interaction, group cohesion, and the impact of instructional design on community formation (Jan & Vlachopoulos, 2018, 2019). However, SNA as a quantitative approach may be challenging to enhance the rigor of research in this area. More qualitative data, such as using student and instructor interviews or other instruments, is essential for future researchers to have a more comprehensive and meaningful interpretation of multiple factors and their effects on knowledge building and interaction patterns (Galikyan & Admiraal, 2019; Jo et al., 2017; Lim, 2024). In addition, the selected studies using SNA in CoI research also revealed that the majority of studies focused on the node-level and overall network level of SNA measures. More attention should be given to the dyad level, as examining the relationships between pairs of individuals provides valuable insights into how individual and small-group interactions contribute to the broader learning experience.


Using ENA in CoI Research: Challenges and Opportunities


Although ENA enables researchers to move beyond simple frequency counts, capturing the temporal and structural connections between CoI indicators, such as how social and cognitive presences interact over time (Dong et al., 2025), several challenges remain in current research. For instance, effective use of ENA requires a clear theoretical rationale linking code co-occurrences to meaningful constructs; otherwise, interpretations may lack validity (Elmoazen et al., 2022). Therefore, it is essential to ensure the validity of the coding schemes and critically examine whether these themes accurately capture the core dynamics of CoI and the evolving nature of online discourse (Garrison et al., 2006; Garrison & Arbaugh, 2007). Additionally, most ENA studies rely on manual coding of small datasets, limiting scalability and generalizability. The use of automated coding approaches and larger corpora remains limited, although recent advances in machine learning have demonstrated the feasibility of analyzing extensive textual datasets and automating coding procedures (Ba et al., 2023, 2024; Elmoazen et al., 2024). However, the number of studies in CoI research remains insufficient. Most importantly, the interpretive complexity of ENA visualizations presents an additional challenge, particularly for practitioners who lack prior experience with network analytic techniques or who do not have a well-established theoretical framework to guide interpretation. Those challenges point out the need for methodological refinement and broader adoption.


The Potential of Combining SNA and ENA in CoI Research


A notable methodological limitation within the current body of CoI research is the predominant use of either SNA or ENA in isolation. The limited integration of these analytical approaches highlights a methodological gap and presents a promising avenue for future inquiry. SNA identifies the roles and positions of individual or group actors within a network but lacks the capacity to analyze the content of discussion posts. Conversely, ENA effectively examines collaborative discourse and the connections among key features of collaborative learning. However, it is limited in its ability to analyze the roles actors assume in collaboration and the social structures that emerge in the learning process (Gašević et al., 2019). The growing use of both methods in CoI-related studies indicates an emerging consensus that single-method approaches may be insufficient to unpack the dynamic nature of online collaborative learning experiences (Swiecki & Shaffer, 2020). Therefore, the integration of both SNA and ENA addresses a critical methodological need by enabling a more holistic understanding of online collaborative learning that captures both the structural properties of learner interaction and the epistemic patterns embedded in discourse (Kaliisa et al., 2022). Moreover, this dual perspective can support the simultaneous examination of social and cognitive connections, offering clearer evidence for how interaction networks shape meaning-making processes (Fan & Dai, 2021; Gašević et al., 2019). Additionally, this combination can inform concrete design decisions, such as identifying collaborative process, optimizing subgroup connectivity, and pinpointing which discourse pathways require instructional scaffolding (Liu et al., 2021). By jointly modeling interaction and discourse, this approach may serve as a more reliable predictor of learning outcomes than either method alone (Swiecki & Shaffer, 2020).


Conclusions and Limitations


This review synthesizes 43 empirical studies, providing comprehensive insights into the use of SNA and ENA for analyzing AODs within the CoI framework in higher education. Overall, by synthesizing the literature and identifying key findings, this study enhances our understanding of the current use of SNA and ENA in CoI studies and offers valuable guidance for researchers and practitioners. However, several limitations should be noted. First, we only included empirical studies published in journals or conference proceedings, potentially excluding some influential reviews or conceptual papers. Future studies should include those kinds of works to gain a broader perspective on the application of SNA and ENA in CoI studies. Second, this review is restricted to the context of online higher education, so it does not explore the practical implications for other educational settings, such as secondary education or MOOCs. Future research should adopt broader inclusion criteria and diverse educational settings.
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