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Abstract. Most teachers to date have adopted summative assessment items as a 

benchmark to measure students’ learning and for making pedagogical decisions. 

However, these may not necessarily provide comprehensive evidence for the 

actual learning process, particularly in online learning environments due to their 

failure to monitor students’ online learning patterns over time. In this paper, we 

explore how social learning analytics (SLA) can be used as a proxy by teachers 

to understand students’ learning processes and to support them in making in-

formed pedagogical decisions during the run of a course. This study was con-

ducted in a semester-long undergraduate course, at a large public university in 

Norway, and made use of data from 4 weekly online discussions delivered 

through the university learning management system Canvas. First, we used No-

deXL a social network analysis tool to analyze and visualize students’ online 

learning processes, and then we used Coh-Metrix, a theoretically grounded, 

computational linguistic tool to analyze the discourse features of students’ dis-

cussion posts. Our findings revealed that SLA provides insight and an overview 

of the students’ cognitive and social learning processes in online learning envi-

ronments. This exploratory study contributes to an improved conceptual under-

standing of SLA and details some of the methodological implications of an 

SLA approach to enhance teaching and learning in online learning environ-

ments.  

Keywords: Social Learning Analytics, Teaching and Learning, Online Learn-

ing Environments, NodeXL, Coh-Metrix. 

1 Introduction 

Most teachers rely on summative assessments (coarse-grained analysis) such as the 

end of term examinations, as a benchmark to measure students’ learning and to retro-

spectively make decisions regarding how best to teach their subjects to the next cohort 

of students [20, 25]. However, such methods are prone to challenges such as personal 

bias, and the failure to monitor students’ online learning patterns (i.e., course logins, 

discussions attended, student-student, and student-course artefact interactions) during 

the run of the course [23], yet this could enable teachers to provide adaptive feedback 
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and to adjust teaching strategies. At the same time, teaching and learning are gradual-

ly transferred to online environments (LMS, MOOCs, etc.). One way to deal with this 

challenge is by using more objective and automated methods to evaluate students’ 

online learning in real time and to enable teachers to make timely informed (forma-

tive) educational decisions. Drawing on this, this paper suggests social learning ana-

lytics (SLA) as a possible approach to explore students’ online learning patterns. Spe-

cifically, we are interested in exploring students’ online interactions/networks and 

their digital artefacts (i.e. discussion posts) to produce insights into students’ partici-

pation, and meaningful discourse patterns that could support teaching and learning 

decisions. As a methodological contribution, we use NodeXL [24] a social network 

analysis tool to analyze and visualize students’ online learning combined with Coh-

Metrix, a theoretically grounded, computational linguistic tool [4] to analyze the dis-

course features of students’ discussion posts. Consequently, we gained insight and a 

richer understanding of the students’ social and cognitive learning processes. In the 

following sections, we provide a brief overview of SLA situated within the context of 

the social learning perspective, highlight the research questions, describe the research 

methodology, present findings, and discuss research, limitations and suggestions for 

future research. 

 

2      Background 

 
2.1     Social Perspectives of Learning 

 

Theoretical and empirical evidence in the learning sciences view learning as a social 

process that cannot be only accounted for by cognition and behaviors of the individual 

[7]. This is arguably, why teachers and researchers have increasingly applied peda-

gogical approaches such as interactive representations associated with socio-

constructivist principles [16]. According to the socio-cultural perspectives, learning is 

an aspect of self-organization of both the human organism and the ecosocial system in 

which individual functions as a human being [17, 22]. This implies that learning is 

defined through interaction with others and mediated by artefacts, technology and 

semiotic tools such as language [13, 17]. Indeed, the joint interaction between indi-

viduals forms a basis for mastery of useful strategies, skills, concepts and knowledge 

[13]. Online learning environments where students and teacher interactions are usual-

ly mediated by technological tools [11], offer a new context in which to explore key 

aspects of learning from a sociocultural perspective. For example, more recently, the 

increase in computer-mediated learning has created new conditions for teaching and 

learning [22], through tools such as wikis, and online discussion forums. These pro-

duce a gold mine of data that social learning analytics techniques can utilize to ex-

plore and identify pedagogically valuable social, cognitive and affective features re-

lated to students’ social learning processes [4].  
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2.2   Social Learning Analytics (SLA) 

 

SLA is a subset of learning analytics, which is concerned with the collection, meas-

urement and analysis of students’ digital artefacts and online interactions in order to 

understand their activities, social behaviours, and knowledge creation in a social 

learning setting [7, 15]. SLA draws on the significant educational research work evi-

dencing that new skills and ideas are developed and passed on through interactions 

and collaboration, and that learning cannot be understood without reference to context 

[13]. Ferguson and Shum (2012) identified five categories of SLA under the umbrella 

of inherent social analytics and socialized analytics. The inherent ones include; social 

network analytics (SNA) and discourse analytics (DA), while the socialized ones 

include; content analytics (CA); disposition analytics (DA), and context analytics 

(CA). In this current study, we explore how the analysis of students’ online interac-

tions and discourse can provide insights into the students’ learning processes. There-

fore, social network analytics and discourse analytics which are regarded as inherent-

ly social are the focus of this study. In this paper, we use SLA as an umbrella concept 

combining social network analytics (SNA) and discourse analytics (DA).  

 
2.3 Social Network Analytics (SNA) 

 

Social network analytics (SNA) is derived from the concept of social network analy-

sis which studies and analyses social ties, relations, roles and network formations [3]. 

The principles of social network analysis derive from graph theory, which looks at 

patterns of relational connections between nodes in a graph. The nodes in a social 

network graph are the actors, who can be individuals or collective units such as teams 

or organizations [11]. In learning and education settings, the actors may be students 

connected to each other within a class or learning activity; or teachers and students in 

a class. Based on the principles of social network analysis, social network analytics 

aims at interpreting the individual and group interactions and how these support learn-

ing. An example is Hernandez-Garcia and colleagues (2015) who applied social net-

work analytics to examine the relation between social network analysis parameters 

and student outcomes. The study showed that social network analytics can highlight 

the visible and invisible interactions occurring in online environments, thus helping to 

improve the learning process based on the information about the actors and their ac-

tivity in the online learning environment.  

 

2.4 Discourse Analytics (DA) 

 

The social ties and relations occurring in social learning environments are strength-

ened through dialogue between students and teachers [8]. DA involves the analysis of 

the large amounts of text generated during the online interactions [7]. Previous re-

search has reported that educational success is related to the quality of learners’ edu-

cational dialogue [9], which can be measured through discourse analysis. This implies 

that DA can be used to analyze large amounts of educational text, and potentially 

provide insights into the quality of students’ text and speech posted in online envi-
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ronments. For example, Dowell and colleagues (2015) combined language and dis-

course as a tool to explore the association between students’ traditional academic 

performance and social centrality in a MOOC environment. The findings revealed 

that students who engaged in a more expository style of discourse performed better 

while those that used a more narrative style of discourse gained a more central posi-

tion in their social network. More recently, Joksimovic et al (2018) used discourse 

analysis to examine the association between social capital, linguistic and discourse 

patterns. The findings showed that learners with more connections had a linguistic 

profile that is more narrative with lower referential cohesion and more complex syn-

tax. 

 

 

3   Identified Gaps and Research Questions 

 
The application of social network analysis to educational contexts in this study is not 

novel, but our preliminary literature review shows that there is no sufficient empirical 

evidence for the use of SLA to identify and generate insights to teachers, in order to 

support informed learning and teaching decisions. More importantly, most of the pre-

vious studies are limited to the description of social networks, without analysis of the 

discourse dimensions of these interactions. However, the combination of social net-

work and discourse analysis of students’ artefacts could allow for a more nuanced 

description of student engagement and learning [1, 21], and necessary to reach an 

overall interpretation of such complex dynamics generated among students [10]. From 

this background, this study aims to explore the potential of SLA (i.e. social network 

analytics and discourse analytics), as a way to understand the underlying learning 

processes within online learning environments. Towards this goal, we address the 

following research question: What are the opportunities of SLA in terms of generating 

relevant insights about students’ online learning processes which teachers can use to 

make timely and informed pedagogical decisions? 

 

4      Methodology 

 
4.1    Context and Participants 

This study employed a mixed methods approach, by combining social network and 

discourse analysis to analyze and visualize students’ online learning processes [8]. 

We extracted and analyzed data from the discussion forum contributions posted on 

Canvas, a learning management system, within a blended bachelors course (i.e. in-

volving face to face and online activities) at a public university in Norway. This 

course is taught as a part of the university’s bachelor in pedagogy. The main course 

objective was to introduce selected learning technologies and applications and to fa-

miliarize students with the central theoretical perspectives and studies of learning 

technologies. The course had a total number of 34 students and four teachers. To en-

sure active use of the online discussions, in parallel to the face to face classroom; all 

students had to participate in a weekly online discussion forum that ran for 7 weeks in 
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the period of January 2019 to April  2019. The discussions were conducted asynchro-

nously, and all subsequent messages in the thread were text-only. Participation in the 

discussion was compulsory with each student expected to make two contributions and 

respond to at least one other student every week. For each week, teachers created a 

new discussion thread based on the topic of the next lecture. Thereafter, students 

posted their contributions in response to the main discussion question or responding 

to posts by other students.  
 

4.2    Data Preparation and Analyses 

 

Prior to the analysis, the students’ network and linguistic/discourse data were extract-

ed, cleaned and categorized by week, to provide a benchmark for further analysis and 

identification of relevant patterns. In order to generate initial insights and relevant 

hypotheses, this study focuses on interaction and discourse on discussion posts pub-

lished during the first four weeks of the course. Students’ network and discourse data 

was extracted and analyzed using two methods. First, social network analysis to iden-

tify significant interaction patterns among students, and secondly, discourse analysis 

to identify significant linguistic/discourse features connected to the students’ contri-

butions. Individual students were the unit of analysis. 

 

Social Network Analysis 

 

To perform social network analysis, we re-constructed social network relationships 

based on student-student, student-teacher, and teacher-student interactions. Although 

the Canvas LMS has in-built Canvas analytics, there is currently no plug-in that sup-

ports the automatic mining of discussion forum data directly from the platform. Thus, 

the first author manually extracted students’ interaction data from Canvas into No-

deXL (version 1.0.1.410) a third-party social network tool [24]. Specifically, the cod-

ing process in NodeXL included all students and teachers who posted in the discus-

sion forum. For example, if student S4 posted a message in response to the main dis-

cussion question (DQ), we coded this as (S4>DQ), then if student S10 posted a mes-

sage in response to S4’s initial thread message, we coded this as (S10>S4). Thus, the 

analyzed ties represent unweighted and undirected graphs which were constructed to 

represent the students’ interactions on the Canvas platform. After the coding, we used 

the social network analysis measures suggested in previous studies [1] (i.e. degrees, 

closeness, and betweenness) to assess and determine the level of importance, strength, 

and influence each node/student had on the broader social network [2]. The degree 

centrality measure is used to determine the number of ties an individual student has 

with other actors in the network [2]. Closeness centrality indicates the degree of rela-

tionships an actor has formed with the entire network, while betweenness centrality 

refers to the extent to which an actor occurs within the shortest path between other 

nodes, thus facilitating the spread of information within the network [3]. 
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Discourse Analysis 

 

In this study, we analyzed the content of students’ contributions in order to extract 

significant discourse patterns. This analysis was performed using Coh-Metrix (version 

3.0), which is an automated textual assessment tool [4, 19], and used in previous stud-

ies [19]. Coh-Metrix is a computational linguistics facility that analyzes higher-level 

features of language and discourse [19]. In this study, the following five principal 

components of Coh-Metrix were calculated. (1) Narrativity. That is the extent to 

which the text is in the narrative genre, which conveys a story, a procedure, or a se-

quence of episodes of actions and events with animate beings (2) Deep cohesion. The 

extent to which the ideas in the text are cohesively connected at a deeper conceptual 

level that signifies causality or intentionality, (3) Referential cohesion. The extent to 

which explicit words and ideas in the text are connected with each other as the text 

unfolds, (4) Syntactic simplicity. Which reflects the degree to which the sentences in 

the text contain fewer words and use simpler, familiar syntactic structures, and (5) 

Word concreteness. The extent to which content words are concrete, meaningful, and 

evoke mental images as opposed to abstract words [19].  

 

5  Findings and Discussion 

 
5.1 Social Network Findings  

 
First, we analyzed students’ interactions in the online discussion forum as illustrated 

in socio-grams Figs. 1-4, with each figure representing a weekly discussion forum.  

                                                                                                                                   
Fig. 1. Sociogram of week one discussions.  Fig. 2. Sociogram of week two discussions.                                                                        
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Fig. 3. Sociogram of week three discussions.  Fig. 4. Sociogram of week four discussions 

The social network visualizations (Figs.1-4) provide an aggregate visual represen-

tation of the social structure connecting 34 students and 4 teachers during the 4 weeks 

of online discussion activities. Despite the fact that student names have been removed 

for confidentiality purposes, the labels demonstrate the position of each student within 

the network in a given week. Consequently, in these figures, the size and location of 

the nodes correspond to their degree centrality or the number of edges in the network. 

This means that the bigger a node is, the more messages the student/teacher repre-

sented by that node sent and received. Similarly, the more central a node is to the 

center or main discussion question (DQ) the more powerful it is. Thus, these networks 

can be used to identify students and teachers that were highly/less engaged in the 

discussion network. For example, Fig. 1 clearly illustrates a less engagement and 

interaction among students, with most of the communication directed to the original 

discussion question here coded as (DQ). However, improved interactions are ob-

served in Figs. 2-4 with students and teachers interacting more than in week one. For 

example in Figure 4, the average degree centrality increased, which is seen by en-

larged node sizes (e.g. S3, S17, and S9).   

In addition, detailed analysis detected interesting patterns with some students hav-

ing more activity and standing out across the 4 weeks. For example, in week 1, S13 

was the most active with a betweenness centrality of 114. In week 2, S29 had a be-

tweenness centrality of 27.4, and in week 3, S14 scored a high betweenness centrality 

of 29.7. In week 4, S3 had the highest betweenness centrality of 94.7. Similarly, the 

figures also indicate some disconnected/less-active students. For example, S18 in 

week 1 and 2 with a betweenness centrality of 0.0, while S34 and S25 both have a 

betweenness value of 0.0 in week 3 and 4 respectively. More importantly, the active 

involvement of teachers in week 3 and 4 as illustrated in Figs. 3 and 4 had an impact 

on the frequency of some students’ posting. For example, a deeper analysis showed 

that S3 and S17, who were associated with the strongest brokerage role across the 4 

weeks, recorded the highest degree centrality in week 3 and 4. This is partly attributed 

to the teachers’ involvement as witnessed in the number of interactions these two 

students had with the teachers in both weeks. 
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5.2 Discourse Findings 

 

Next, we performed automated discourse analysis for the 4 weeks discussion content 

using Coh-Metrix. We used social network analysis data presented in the previous 

section to “zoom in” on the most active and less active students for subsequent dis-

course analysis. Tables 1 and 2 illustrate social network analysis and discourse analy-

sis values for the 10 selected students in week 1 and 2.  

Table 1. Week 1 discourse and SNA metrics results 

 Active Students Less Active Students 

SNA  S13 S3 S4 S12 S10 S5 S18 S24 S8 S11 

Degree  5 2 2 2 3 1 1 1 1 1 

Between-

ness  

114    30 30 30 15 0.0 0.0 0.0 0.0 0.0 

Closeness 0.01

6 

0.01

5 

0.01

5 

0.01

5 

0.01

5 

0.01

0 

0.01

0 

0.01

0 

0.01

1 

0.01

4 

                   Discourse Analysis Results 

No of 

words 

264 212 100

6 

133 373 100 204 114 121 206 

Narrativity 73 73 47 68 53 94 37 64 74 64 

Deep 

Cohesion 

69 48 37 94 99 10 55 32 23 62 

Referential 

Cohesion 

67 43 62 35 46 83 15 31 70 25 

Syntax 

Simplicity 

41 19 62 49 25 6 68 17 19 50 

Word 

Concrete-

ness 

4 41 18 5 13 13 10 10 17 42 
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Table 2. Week 2 discourse and SNA metrics results 

 Active Students Less Active Students 

SNA  S29 S17 S7 S22 S3 S6 S11 S21 S34 S18 

Degree 5 4 3 3 5 1 1 1 1 2 

Between-

ness 

27.4 23.6 13.3 12.3 4.4 0.0 0.0 0.0 0.0 0.0 

Closeness 0.01

6 

0.01

6 

0.01

6 

0.01

6 

0.01

6 

0.01

5 

0.01

5 

0.01

5 

0.01

5 

0.01

5 

 Discourse  Analysis Results 

No of 

words 

522 505 337 127

3 

402 158 110 225 457 820 

Narrativity 57 85 29 61 75 82 95 79 41 40 

Deep 

Cohesion 

97 96 98 64 93 11 30 44 85 45 

Referential 

Cohesion 

7 51 24 64 77 40 28 45 80 24 

Syntax 

Simplicity 

71 73 89 57 9 20 35 17 23 57 

Word 

Concrete-

ness 

1.8 6 43 9 58 50 5 40 28 65 

 

 

Tables 1 and 2 present an analysis of the discourse features of students’ discussion 

contributions for students with high centrality measures and those with low centrali-

ty/peripherally located in the network. In week one (see Table 1), the results suggest 

that the students who had high centrality measures exhibit different dis-

course/linguistic features than the students with low centrality measures. For example, 

S13 who had the biggest degree, betweenness and closeness centrality values was 

associated with high narrativity (73), deep cohesion (69) and referential cohesion 

(67). Conversely, S18 who had the lowest SNA scores was associated with higher 

syntactic simplicity and word concreteness. Similarly, in week 2 (see Table 2), S29 

who was better positioned within the network of learners, had a narrativity score of 

(57), deep cohesion (97), referential cohesion (7), syntax simplicity of (71) and word 

concreteness of (1.8). On the other hand, S34 with low SNA values had a high refer-

ential cohesion (80), and word concreteness of (28). This finding means that the text 

for less active students contained words and ideas that overlap across sentences and 

the entire text, while the higher word concreteness means the text was less abstract 

and meaningful [4].  

In addition, an interesting observation from a combined analysis of students’ net-

work and discourse patterns revealed an overall change in the linguistic profile of all 

students (those with high and low centrality values), towards week 3 and 4, which 

was identified by a higher deep cohesion. This finding suggests that students moved 

from less narrative/informal discourse styles to a more formal discourse. In practice, 

the identification of such discourse patterns may help teachers to monitor and detect 

the quality of the discussions in line with course/task expectations, and to provide 

personalized support based on students’ discourse features.  
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6  General Discussion and Conclusion 

 
This paper explored the possibility of using social learning analytics (SLA) as a proxy 

by teachers to understand students’ online learning processes and to support them in 

making informed pedagogical decisions. First, we adopted a social network analysis 

approach to identify the interactions between students and teachers across the 4 weeks 

of online discussion. The analysis showed that some students (i.e., S13, S3, S29, and 

S14) were very active across the 4 weeks hence being regarded as information brokers 

or bridge builders [1, 8]. Moreover, some weeks recorded more interactions than oth-

ers (i.e., week 2, 3 and 4). While a deeper analysis of the nature of the content dis-

cussed in each week was not done, the differences in students’ interactions and net-

works across the 4 weeks could be attributed to some elements of course structure in 

the different weeks [9] as well as the involvement of the teachers in week 3 and 4. 

This finding confirms previous research that teachers’ role and level of participation 

could affect the level of online discussions [8]. In practice, as noted by Macfadyen 

and Dawson (2010), these findings reveal that social network analytics can afford 

insight into students’ social learning processes, which teachers can use to identify 

deviations between the observed and intended interactions [18]. Moreover, in blended 

learning environments like the one presented in this study, teachers can be alerted 

about the students to keep an eye on during the face-to-face interactions, and at the 

same time learn about the direction in which they need to moderate online discussions 

[8]. This study affirms that the analysis of online social networks can support the 

collection of pedagogically meaningful information such as, how a student has en-

gaged in a task. This provides teachers with a richer understanding of students’ social 

learning processes in online learning environments, thus providing them with a basis 

to make informed pedagogical decisions and the creation of more effective learning 

environments.  

Further, discourse analysis results demonstrated that the deep exploration of stu-

dents’ online text can reveal the quality and type of contributions made by students. In 

other words, even though social networks do not necessarily show evidence of 

knowledge construction among students, this process can be monitored through dis-

course analysis, thus gaining a richer understanding of students’ cognitive learning 

processes. For example, a detailed discourse analysis of students’ texts across the 4 

weeks revealed that students with higher centrality values were associated with higher 

deep cohesion and syntax simplicity. This suggests that their texts use a more formal 

style of discourse, put in more effort and engage in increased elaboration [19]. This 

finding is consistent with previous research, which reported that high performing 

learners are characterized by a formal discourse [5].  

In contrast, students with low centrality values had a more narrative style, which 

implies a more informal, and story-like style of discourse [19]. Moreover, some stu-

dents’ linguistic profiles changed over time (i.e. from a narrative style to more deep 

cohesion). Such a finding means that teachers could monitor the progress of students’ 

learning overtime based on the linguistic profile and level of cognitive presence in 

each post [6] since these are important dimensions for students’ learning. By doing so, 
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the teacher can evaluate the effectiveness of the learning design, and suggest appro-

priate strategies to adapt the teaching and learning process. In other words, the lin-

guistic profiles of students’ posts could indicate that the discussion forum is not being 

used according to pedagogical intent, thus, suggesting the teacher to intervene to keep 

the learning process on track. More importantly, these discourse features have strong 

implications for understanding students’ learning, since constructivist theories imply 

that comprehension is an important feature to measure students’ learning [13, 16]. 

Overall, the analysis of students’ contributions and online interactions reveal that 

combining social network analytics and discourse analytics can provide quick and 

useful insights for understanding both the cognitive and social characteristics of stu-

dents’ learning processes which in turn can be used to support teachers in making 

informed and timely decisions to improve the teaching and students’ learning pro-

cesses (e.g., encouraging less central but involved students to extend their network). 

This finding supports the claims of many in the technology enhanced learning com-

munity that it is important to understand what students are doing and talking about, 

how they are interacting with the course material, and where comprehension problems 

arise [26] besides examining who is talking to whom, in order to evaluate the quality 

of collaborative online learning activities [8].  However, we argue that if teachers and 

researchers are to benefit from the results coming out of social network and discourse 

analytics, they should have a clear understanding of the course context and be provid-

ed with simple analytics tools/training for meaningful interpretations. 

In summary, this exploratory study makes methodological and conceptual contri-

butions to SLA and technology-enhanced learning research. The study demonstrates 

how teachers and researchers can utilize students’ data from online collaborative 

learning activities, to identify the cognitive and social characteristics of students’ 

learning, using an innovative methodology of combining analysis of social networks 

and discourse using automated tools like Coh-Metrix. If teachers and researchers 

identify cognitive/learning features that are directly reflected in students’ online activ-

ities, there is a great potential to intervene while a course is being taught, an approach 

to assessment which is difficult to achieve through the more typical surveys and end 

of term assessments.  

 

 

7  Limitations and Suggestions for Future Research 

 
There are a number of limitations that affect the generalizability and interpretation of 

the findings of this exploratory study. First, the conclusions of the study are limited 

by its focus on data collected from a single course, and with a sample size of only 34 

students. We also recognize that the analyzed data is based on students’ activity of 

only 4 weeks which could limit a comprehensive view of the students’ learning pro-

cess during this course. Moreover, the discourse analysis we conducted is of explora-

tory nature aiming at generating theoretical linkages/hypotheses rather than testing 

hypotheses. These limitations necessitate the need for further studies with well-

developed hypotheses, analyzing longer durations of students’ learning, and with 

larger samples to validate these initial findings. Nonetheless, despite these limitations, 
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this exploratory paper contributes to methodological and conceptual implications for 

the use of SLA in blended learning environments, and provides a strong foundation 

for future rigorous research on the sub-field of SLA. 
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