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Comprehensive Analysis of Discussion Forum
Participation: From Speech Acts to Discussion

Dynamics and Course Outcomes

Sre�cko Joksimovi�c , Jelena Jovanovi�c , Vitomir Kovanovi�c ,

Dragan Ga�sevi�c , Nikola Miliki�c , Amal Zouaq, and Jan Paul van Staalduinen

Abstract—Learning in computer-mediated setting represents a
complex, multidimensional process. This complexity calls for
a comprehensive analytical approach that would allow for
understanding of various dimensions of learner generated
discourse and the structure of the underlying social interactions.
Current research, however, primarily focuses on manual or, more
recently, supervised methods for discourse analysis. Moreover,
discourse and social structures are typically analyzed separately
without the use of computational methods that can offer a holistic
perspective. This paper proposes an approach that addresses these
two challenges, first, by using an unsupervised machine learning
approach to extract speech acts as representations of knowledge
construction processes and finds transition probabilities between
speech acts across different messages, and second, by integrating
the use of discovered speech acts to explain the formation of social
ties and predicting course outcomes. We extracted six categories
of speech acts from messages exchanged in discussion forums of
two MOOCs and each category corresponded to knowledge
construction processes from well-established theoretical models.
We further showed howmeasures derived from discourse analysis
explained the ways how social ties were created that framed
emerging social networks.Multiple regressionmodels showed that
the combined use of measures derived from discourse analysis and
social ties predicted learning outcomes.

Index Terms—Discourse analysis, learning outcome, social
networks, speech acts, statistical network analysis

I. INTRODUCTION

THE sociocultural perspective of learning highlights the

importance of social interaction and collaborative learning

for creating effective environments that support knowledge

construction [1], [2]. Knowledge building and information

sharing in digitally connected learning contexts primarily occur

through language and discourse [1], [3]. Hence, studying learn-

ing in digitally connected computer-mediated setting, as a mul-

tidimensional process, needs to account for understanding of a)

discourse produced [1], [4], and b) social structures emerging

from interactions in digital learning environments [1], [5].

A. Integrating Discourse and Social Networks

In a broader context of computer supported collaborative

learning, the literature recognizes various approaches to the

study of collaborative discourse. Stahl [6], for example, focuses

on analyzing meaning as a “shared, collaborative, interactive

achievement” [6., p.10] expressed in discourse generated in the

process of knowledge construction. Every “artifact, action,

word or utterance” [7, p. 71], Stahl contends, obtains a meaning

from its position in a sequence of interactions, that is, within a

particular context [6]. In that sense, understanding cognitive

actions in terms of intentions, purpose or effect expressed in

communication, is perhaps of utmost importance when study-

ing collaborative discourse in online education settings [1].

Specifically, speech acts theory, provides a comprehensive

framework that observes communication utterances as being

beyond “mere meaning-bearers, but rather in a very real sense

do things, that is, perform actions” [8, p. 1], such as thanking,

apologizing, and asking questions. As such, speech acts theory

provides insights into the intended action of a communication

act and the extent of shared understanding between peers par-

ticipating in a communication [6], [9], [10]. Speech acts (i.e.,

intended actions of a communication act), we contend, repre-

sent a necessary context for interpreting the meaning of collab-

orative discourse within the given context.

Discourse, however, is not an isolated process but one that

emerges from the interaction among actors in a given educa-

tional context [5], [11], [12]. Discourse is “constantly being

transformed through contact with other discourses” [11, p. 6].

This further implies that the student-generated content should

be observed as inherently social, whereas the meaning and

intentions of the discourse could be operationalized only

through the social adoption [3], [13]–[15]. Observing dis-

course properties without accounting for the context of the
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underlying social interaction (e.g., who is talking with whom)

could be potentially misleading in explaining learning in tech-

nology mediated settings [16].

Social network analysis (SNA) has been commonly

applied in examining student interactions emerging from

learning in digital educational settings [17]. Shifting the

focus of analysis from the individual level to the group level,

SNA enables accounting for the importance of group dynam-

ics, and provides comprehensive insights into the quantity

and quality of social interactions within a given networked

context [18], [19]. Besides the use of descriptive methods

and analysis of network structural and generative properties

(e.g., centrality, density, triad closure) [20], [21], recent

research also offers methods to explain the social dynamic

processes (e.g., tendency to form reciprocal or homophilic

ties) that drive network formation [16], [22], [23]. Although

social network indicators allow for revealing emerging roles

and structure of interactions in learning networks, SNA alone

is not sufficient for deeply understanding patterns of interac-

tions in a given learning environment. For example, to

understand dynamics that affect tie formation, one also needs

to account for the specificities of the discourse generated

through student communication.

To provide a comprehensive understanding of different

facets of learning in digital learning environments, we posit

that discourse and social network analysis should be applied

as complementary approaches, rather than independent ana-

lytical models [1], [24], [25]. It is important to note that the

literature recognizes similar attempts to make a connection

between the two analytical methods [24], [26]. For example,

de Laat [24] utilizes SNA to reveal most influential discus-

sion participants in learning activities and to explain overall

patterns of connections between peers. de Laat [24] further

applies qualitative coding scheme for analyzing negotiation

of meaning and social construction of knowledge in com-

puter-mediated interaction. Although beneficial for under-

standing learning in computer-mediated settings, de Laat’s

approach is primarily based on examining the association

between discourse and descriptive network properties. de

Laat’s [24] analytical method does not necessarily establish

inferential links between the complementary perspectives

(discourse and social structures), thus lacking capacity to

explain how actions expressed through discourse frame

social interactions observed in a given context. Moreover,

de Laat [24] does not necessarily account for the sequence

of indicators of knowledge construction that, according to

Stahl [4], [7] as well as Molenaar and Chiu [27] among

others, provides a basis for understanding the process of

knowledge construction. Finally, being primarily based in

manual analysis methods, it is questionable to what extent

the analytical approach proposed by de Laat [24] is scalable.

B. Research Goals and Research Questions

The contemporary research on collaborative learning

usually relies on methods that involve manual analysis of

online discourse and, more recently, supervised approaches

to automated analysis (Section II). In that sense, discourse

and social structures that emerge from the collaborative

learning activities are typically analyzed separately without

the use of computational methods that can offer a holistic

perspective. Therefore, this paper proposes an approach

that addresses these two challenges i) by using an unsuper-

vised machine learning approach to extract speech acts as

representations of knowledge construction processes and

finds transition probabilities between speech acts across

different messages; and ii) by integrating the use of dis-

covered speech acts to explain the formation of social ties

and predicts course outcomes.

Specifically, to understand actions employed in collabora-

tive dialog among participants in discussion forums, we exam-

ine the intended meaning of student messages expressed

through different speech acts. Hence, we define our first

research question as follows:

RQ1. What kinds of speech acts are typically used

by discussion forum participants in online learning

settings?

Further, exploring student messages in MOOC discussion

forums, Gillani and Eynon [28] as well as Poquet and Dawson

[22], among others, suggest the importance of understanding

ways students interact in terms of the nature of the content

they share or topics they participate in, as means for under-

standing the structure of the process of knowledge building. In

this study, therefore, we aim at further investigating student

participation patterns in terms of sequence of posting mes-

sages with a particular speech act, as well as the coherency of

discussion threads (i.e., to what extent discussion threads tran-

sition from one speech act to another). Thus, we define our

second research question as follows:

RQ2. What are the characteristic sequences of

speech acts generated by students during their partici-

pation in a discussion forum?

Moreover, student generated discourse also implies certain

actions, and points to various activities or attitudes [9]. This

research aims at further examining the interrelationship

between student messages and processes that frame social

interactions in learning networks. Specifically, by comple-

menting a discourse analysis with SNA methods, we aim to

examine to what extent different sequences of speech acts

employed in communication, reflect latent regularities that

drive social network formation. Without an attempt to provide

causal inferences, our goal here is to describe potential pat-

terns of association between conversation dynamics (i.e.,

sequences of actions) and social processes. Hence, we define

the following research question:

RQ3. How can conversation dynamics, defined

through emerging sequences of speech acts, explain

social processes evident in social networks that

emerge from student interactions in a discussion

forum?

Finally, Joksimovi�c and colleagues [16] highlight the

importance of considering network characteristics when

examining factors that might help with predicting learning
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outcomes. Specifically, by analyzing social networks emerg-

ing from MOOC interactions, Joksimovi�c and colleagues [16]

showed how differences in social dynamics that frame social

interactions affect the interpretation of variances in the predic-

tive power of social centrality measures (i.e., degree, close-

ness, and betweenness centrality) on the final course outcome

(i.e., obtained certificate). We move this research foreward by

examining to what extent the characteristics of social pro-

cesses that students participate in provide a context for inter-

preting the association between discussion forum activities

(observed through the conversation patterns and social posi-

tioning) and final course grade. Therefore, our fourth research

question is as follows:

RQ4. To what extent can factors that characterize

student social interaction in a discussion forum pro-

vide a framework for interpreting the association

between learning-related social constructs (namely

conversation dynamics and social positioning) and

learning outcome?

II. BACKGROUND

A. Speech Acts Theory at a Glance

Student generated discourse represents one of the richest

sources of information about student learning [29]. In addition

to self-reports, discourse produced in student interactions

represents a source for obtaining insights into cognitive, meta-

cognitive, affective, and motivational dimensions of student

engagement [29], [30]. However, student discussions should

be observed as being “embedded within structured social

activities” [9, p. 311], and as such, dependent on previously

generated content that influences social interactions in a given

context. Each artefact (piece of text, more specifically) gener-

ated by a student or a teacher, creates a social fact for all the par-

ticipants in the interaction [9]. As further posited by Bazerman

[9], social facts are usually comprised of speech acts – intended

actions, defined through their intention, purpose, or effect [8],

[10]. Therefore, discourse analysis, should also investigate the

meaning and intended actions (e.g., asking questions, thanking,

or apologizing) of any utterance used in a communication [9],

[29], [31], [32].

Being rooted in sociolinguistic and philosophy research,

speech act theory allows for departing from analyzing the

structure of student discourse to account for the particular pur-

pose the exchanged textual content has in a social interaction

[9], [31]. Although there have been various attempts to clas-

sify speech acts, the most general classifications have been

provided in Austin [32] and Shearle’s [10] seminal works on

speech act categorization based on illocutionary acts. Specifi-

cally, both Austin and Searle argue that speech acts operate on

three levels: i) locutionary (propositional) act represents the

main message, that is, “what is being said” [9, p. 314], ii) illo-

cutionary act expresses the intended act the speaker wanted to

accomplish, and iii) perlocutionary act (effect) that explains

how specific act was understood by other participants in com-

munication and what are potential consequences of the act [9],

[32]. Both categorizations, therefore, observe an illocutionary

act, or intended purpose, as a “basic unit of human linguistic

communication” [10, p. 1]. Of special interest for this study is

Searle’s categorization of speech acts, as it is arguably the

most general classification of illocutionary acts, as well as a

refined conceptualization of Austin’s work. Searle’s classifica-

tion includes the following speech act categories: representa-

tives, directives, commissives, expressives, and declarations.

As originally defined in Searle’s work, the purpose of the

representative category of speech acts is to “commit the

speaker (in varying degrees) to something’s being the case”
[10, p. 10]. That is, utterances that belong to the representative

class depict the speaker’s belief that could be assessed either
as true of false. Directives, on the other hand, represent speech

acts that point to the speaker’s expectations that the listener

performs a certain action. Directives could be stated in a form
of invite, permit, advise, request, command, or question, to

name a few [10]. Commissives are defined as a category of
speech acts that commits the speaker to perform certain

action, such as promises, or threats. The main intent of expres-

sive speech acts is to communicate the speaker’s psychologi-
cal state about the specific “state of affairs specified in the

propositional content” [10, p.12]. Examples include expres-
sions of gratitude, apologizes or welcoming [8], [10], [33].

Finally, declarative speech acts are characterized by implying

certain alteration “in the status or condition of the referred-to
object” [10, p. 14].

B. Meaningful Social Actions and Learning

In the context of analyzing student interactions in online

learning settings, speech acts have been commonly used in

summarizing discussion threads [34] or in investigating stu-

dent participation patterns and predicting learning outcomes

[31], [35]. For example, Merceron [35] relied on the speech

act theory to examine what role student messages have in dis-

cussion forums and to what extent the message posting pat-

terns (i.e., number of messages belonging to each of the

speech act categories) differ between high and low performing

students. The focus of the analysis in Merceron’s [35] study

was on the data obtained from a traditional online (for credit)

computer science course. Merceron manually coded student

discussion forum posts according to the categories proposed

by Kim and colleagues [36], which include questions, issues,

answers, positive acknowledgments, negative acknowledg-

ments, and references. Merceron [35], as well as Kim and

colleagues [36], among others, relied on more domain specific

categories of speech acts, derived from broad categorizations

introduced by Austin [32] and Searle [10]. The study revealed

that more successful students tend to be more focused on pro-

viding help to their peers and answering questions, whereas

student who obtained lower grades, were oriented towards

help-seeking. However, there was no association between the

forum participation and performance for the high performing

students.

The most relevant for our research is Arguello and Shaffer’s

[31] work on automated prediction of speech acts in discus-

sion forums of a massive open online course (MOOC) and
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examining the association between the course performance

and particular acts of speech. Similar to the work of Merceron

[35], Arguello and Shaffer [31] also observed questions,

answers, issues, positive and negative acknowledgements.

However, Arguello and Shaffer [31] further included the issue

resolution and other speech acts. Arguello and Shaffer [31]

revealed that students raising issues were more likely to suc-

cessfully complete a course and to submit an assignment.

However, their models for predicting assignment completion

and course performance explained only a very small amount

of variance (4.2% and 1.7%, respectively, using Nagelkerke’s

R2 [37]).

The existing research provides evidence for the association

between different categories of speech acts (i.e., the purpose a

message has in a discussion forum) and a learning outcome.

However, there seems to be a lack of studies exploring ways

in which acts of speech have been employed in learning-

related communication [3]. It is not clear whether and to what

extent the utilization of specific categories of speech acts

(RQ1&2) influences social processes that frame peer interac-

tion such as development of social ties among peers (RQ3)

[16]. Finally, the question remains whether patterns of social

interactions (derived through the analysis of speech acts) pro-

vide a salient context for interpreting the association between

students’ social activity and final learning outcome (RQ4).

C. Social Network Analysis

Social Network Analysis (SNA) defines methods that allow

for examining patterns of human interaction in diverse social

settings [38], [39]. SNA has played a prominent role in learn-

ing sciences, providing theoretical and methodological tools

for understanding activities and social processes that students

and teachers engage with [17], [20].

1) Networks Centrality and Learning Outcome: In the con-

text of educational research, SNA has been commonly applied

to examine whether and how structural properties of networks

are associated with learning, creative potential, sense of

community or educational experience in general [38]–[40]. A

prevailing understanding emerging from the existing SNA

literature, is that a high centrality in a social network implies

more benefits – e.g., a higher centrality is often associated

with a higher learning outcome. However, certain inconsisten-

cies in the existing results are also evident. For example, while

Jiang and colleagues [41] provide evidence for the significant

and positive association between social centrality (degree and

betweenness in this case) and learning outcome (i.e., course

grade), studies by Zho and colleagues [42] and Ga�sevi�c and

colleagues [43] did not support those findings.

Analyzing this issue, Joksimovi�c and colleagues [16] pos-

ited that potential reason for the contradictory findings with

respect to the importance of the student social centrality might

originate in the social dynamic processes that drive network

formation. Specifically, in the study conducted in the context

of a MOOC, Joksimovi�c and colleagues [16] empirically

showed that the networks built primarily on super strong ties

[44], [45] – i.e., those ties that potentially represent real and

intimate relationships, such as friendship – are unlikely to

offer benefits to centrally positioned nodes. Rather, those ben-

efits are afforded in networks that are primarily formed on

weak ties as consistent with the social network literature [44].

2) Exploring Factors of Network Formation: Statistical net-

work analysis is gaining increasing attention in studying regu-

larities of student participation in MOOCs. For example,

Kellogg and colleagues [18] aimed at understanding social

processes arising from interactions in a network of educational

professionals. Accounting for various network patterns and

contextual properties, such as reciprocity, or tendency to form

ties based on the professional role, gender, or educational

background, Kellogg’s [18] study showed a strong and signifi-

cant tendency for students to reply to a peer when there has

been prior evidence of reciprocity. Tendency to form ties

based on similar demographic properties, on the other hand

differed across the networks analyzed. Likewise, Poquet and

Dawson [22] showed that conversation dynamics (e.g., cogni-

tive or socio-emotional) and participation regularity had a sig-

nificant effect on how social processes unfold at scale.

One of the objectives of our study is to examine whether

social network characteristics (e.g., tendency to form recipro-

cal or homophilic ties) provide a salient context for under-

standing factors that are associated with learning outcomes

(RQ4). Specifically, applying social network analysis using

exponential random graph models (ERGMs), we examine if

students’ discussion contributions tend to frame the underly-

ing network formation. Here, we are particularly interested in

tendency to form super-strong ties [44], [45]. The existence of

this type of connections between forum participants is

expected to affect the association between social centrality

(i.e., degree, closeness, and betweenness) and learning out-

come (i.e., final course grade).

III. METHOD

A. Data

This primarily correlational study analyzes forum discus-

sions within two MOOCs delivered by Delft University of

Technology in 2014, using the edX platform. The courses

included video lectures, quizzes, and assignments delivered

across several modules, with a new module released every

week. In both courses, students were required to score at least

60% to pass the course and obtain a certificate. With respect

to discussion participation, neither of the courses counted dis-

cussion forum participation towards the final grade. No guid-

ance was provided for forum participation and forums in both

courses were chiefly structured as Q&A forums. The role of

the teaching staff was focused on moderating the discussion

forum and replying to the students’ questions. We analyzed on

these two courses not only for their considerable difference

with respect to the subject domains (i.e., industrial design and

software engineering), but also for the significant differences

in student completion rates. Table I further shows the total

numbers of students enrolled in both courses, numbers of stu-

dents who engaged with at least one activity throughout the
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respective course, and numbers of students who posted to the

discussion forums (our sample) along with the numbers of

contributions.

The Delft Design Approach (DDA) course aimed at intro-

ducing the key elements, tools, and methods of the product

and industrial design approach as taught at Delft University of

Technology. During the course, students were taken through

the complete product design process, starting with the early

stages of framing ideas, to implementation and testing phases.

The course was delivered over ten weeks with a planned study

load approximately six to eight hours per week. Each video

lecture was followed by a quiz, where quizzes, in total,

accounted for 10% of the final grade. The course also included

a peer-reviewed design exercise and a final presentation that

counted 70 and 20 percent towards the final course grade,

respectively. Through the peer-review process, students were

expected to reflect on and discuss their work and the work of

their peers within the course discussion forum.

Introduction to Functional Programming (FP) focused on

introducing fundamentals of functional programming using

the Haskell programming language. Although the course did

not assume prior knowledge of functional programming, at

least one year of practice in programming languages such as

Java or PHP was recommended. The duration of the course

was slightly shorter than DDA (i.e., eight weeks) with four to

six hours of estimated workload per week. The course

included two types of assignments – homework (eleven in

total) and lab assignments (seven in total), that counted

towards the final grade. None of the assignments was optional

and only one attempt was available per assignment.

B. Speech Act Recognition

To address the first two research questions, we adopted

unsupervised conversation modeling techniques for identifica-

tion of different speech act categories that students used in

their discussion messages. Most approaches for automated

speech acts classification require manually coded student

messages [31]. Such manual coding is a time-consuming pro-

cess that requires considerable expertise and usually includes

two or more expert coders [46]. The unsupervised method

used in this study consists of clustering written utterances

based on the similarity of the underlying conversational roles

and does not require previously labeled data [47]. Specifically,

we relied on the approach proposed and validated by Ritter

and colleagues [47] and later implemented and extended by

Paul [48]. To identify different speech acts, the approach com-

bines hidden Markov models (HMM) and Latent Dirichlet

Allocation (LDA) [49]. Conceptualizing dialog (or speech

acts) with state transitions as a model of conversations stems

from the work of Winograd and Flores [50]. In so doing,

recent research commonly relies on the use of HMMs to

“structure a generative process of utterance sequences” [51,

p. 2180]. Thus, each of the hidden states is interpreted as a

speech act (or dialog act) [47], [51]. However, the approach

proposed by Ritter and colleagues, and implemented by Paul

[48], relies on LDA to represent a state (i.e., speech act) as a

multinomial distribution over words, from which further spe-

cific speech act related words are generated.

It should be noted that our approach focuses at message as

the unit of analysis, rather than an utterance, and a message

could have more than one speech act. In that, our approach is

similar to those used by Merceron [35] and Arguello and

Shaffer [31] who also analyzed the role that “messages play in

building understanding and knowledge” [35, p.12].

The underlying topic modeling algorithm (i.e., LDA), used

in Paul’s [48] implementation of block HMM, is a probabilis-

tic technique, commonly applied in social sciences and

humanities, that allows for the extraction of prominent themes

from a collection of text documents. By examining the co-

occurrence of words in a document corpus, LDA identifies

groups of words that are commonly used together and could

represent different themes across the corpus. The LDA algo-

rithm must be provided with the number of topics to be identi-

fied. Based on the insights obtained from data-driven methods

for identifying optimal number of topics [52], we opted for a

model with six topics. Specifically, using metrics proposed by

Cao and colleagues [53] as well as Deveaud and colleagues

[54], the algorithm resulted in five to eight topics as optimal

numbers for both datasets. After the investigation of the pro-

posed solutions (i.e., exploring to what extent different topics

represent distinct groups of speech acts), we decided to use six

topics (i.e., speech acts) as the optimal number for both

datasets.

To improve the estimation of word co-occurrences, LDA is

often preceded by several pre-processing steps such as, the

removal of “non-informative” tokens (e.g., highly frequent or

very short words, punctuation, and numbers); and lemmatiza-

tion, (i.e., conversion of words to their root form). However,

given that in conversational modeling some of the token cate-

gories that are typically removed can potentially indicate dif-

ferent speech acts [47], [48], in our analysis we decided to

keep all the word categories. That is, in pre-processing discus-

sion posts, we decided to follow the method proposed by Rit-

ter and colleagues [47] and Paul [48]. Specifically, Paul [48]

TABLE I
DESCRIPTIVE STATISTICS FOR THE NUMBER OF ENROLLED STUDENTS,
STUDENTS ENGAGED WITH THE COURSE CONTENT AND DISCUSSION

FORUM, AS WELL AS THE OBTAINED CERTIFICATES

Note: � Engaged students were those students who performed at least one
activity (e.g., viewing a video, posting to discussion forum), in addition to
being simply enrolled in a course; �� the number in the parenthesis represents
the percentage of engaged students.
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argues that removing simple stop words might not be benefi-

cial for the implemented algorithm as “common function

words often play important roles in the latent classes (i.e.,

speech acts)” [48, p.6].

To address our second research question, we examined

sequences of specific speech acts, as means of detecting

emerging communication patterns and exploring the structure

and the process of knowledge construction [3], or discourse

coherence [12]. Specifically, the applied discourse analysis

method – i.e., block HMMs [47], [48] – allowed us to generate

a matrix of transition probabilities between speech acts

employed in a conversation. As such, the employed method

allowed for moving beyond simply exploring the speech acts

that students commonly relied on in the process of knowledge

building, and towards examining sequences of interactions

and patterns of transitions between different speech acts. We

further relied on transition counts – i.e., the numbers of transi-

tions between different speech acts – to examine the associa-

tion between conversation dynamics and learning outcome

(Section 3.3).

C. Social Network and Statistical Analysis

To explore social dynamics (to address RQ3) and investi-

gate association between social positioning and learning out-

come (to address RQ4), we extracted two directed weighted

graphs that reflect interactions occurring within discussion

forums of the two course instances (DDA and FP). We relied

on the most commonly applied approach to extracting social

networks from discussion forum interactions, which considers

each message as being directed to the previous one in the

thread [16]. This approach tends to capture post-reply struc-

ture within discussion forum threads, by including directed

edges between those students who replied to a specific post

and the author of the post. In case certain interaction occurred

more than once (e.g., author A2 replied to two posts created

by author A1), we would reflect the frequency of interaction

in the weight of the corresponding edge. Social graphs

included all the students who posted to discussion forums.

1) Exploring Social Dynamic Processes: To complement

discourse analysis and explore the association between con-

versation dynamics and social network formation processes

(RQ3), we utilized statistical network analysis. We relied on

the exponential random graph models (ERGMs) – a family of

statistical models for studying social networks [55]. When fit-

ting ERGMs, we accounted for two variables extracted from

the online forum participation. Specifically, we included the

number of posts submitted by each student and the number of

transitions between different speech acts for each student, to

account for the overall student activity and to capture the

student’s communication patterns (as addressed in RQ2),

respectively. These two participation-related metrics were

included in the statistical model as main effects on the propen-

sity to form ties.

Exploring further to what extent factors that drive network

formation are framed by potentially different conversation

dynamics, we relied on commonly used network statistics

[18], [22], [53]. Observing network statistics at the dyadic

level, we aimed to investigate the effects of selective mixing

(based on student achievement level), reciprocity, popularity

spread, and expansiveness (i.e., activity spread). At the triadic

level, we focused on examining effects of transitivity and Sim-

melian ties formation.

Selective mixing or homophily is a network statistic that

reflects the tendency of creating edges between nodes having

the same characteristics [55]. Specifically, we examined to

what extent students with the same achievement level (i.e.,

passed or failed the course) were more likely to reply to each

other’s posts. Further, students’ tendency to form mutual (i.e.,

reciprocal) ties and to cluster was captured by the reciprocity

network statistics [56]. By including the reciprocity in our

models, we aimed at revealing students’ tendency to continue

interaction with peers by replying to their posts. Finally, popu-

larity and expansiveness identify students who receive a sig-

nificant number of replies to their posts and students who tend

to reply more often to their peers’ posts, respectively.

The existing research provides evidence that cyclic and

transitive triples are common characteristics of social media

networks [56]. In directed networks, these two statistics are

captured within the triangle term (i.e., a configuration of links

that forms a triangle of nodes) [55], [56]. Nevertheless, models

with a triangle term are almost always degenerate (i.e., cannot

be fitted). Therefore, geometrically weighted edgewise shared

partner distribution (gwesp) was used instead [55]. We also

modeled Simmelian ties [44] in order to examine the presence

of super strong ties; that is, whether the analyzed network(s)

exhibited the formation of cliques of students that tended to

interact with each other significantly more often than with the

rest of their peers. Such a statistic could indicate that those stu-

dents were primarily focused on their specific field of interest

and rarely interacting with other students.

2) Network Properties and Learning Outcomes: Addressing

our fourth research question assumed a two-step analytical

procedure: i) extracting network structural properties, and ii)

examining the association between metrics of learning-related

social interaction (i.e., discussion participation patterns and

social positioning) and learning outcome. To examine network

structural properties, we relied on the most commonly used

SNA measures that capture various aspects of network struc-

tural centrality – weighted degree, closeness, and betweenness

centrality [39]. Weighted degree centrality determines how

central a node is by accounting for the weight of its direct

neighbors. Closeness centrality indicates the potential to con-

nect easily with other network actors (nodes), by measuring the

distance of a given node to all other nodes in the network.

Betweenness centrality shows which nodes might expect bene-

fits due to having the role of brokers in the network [39]. Addi-

tionally, we also explored the association between forum

participation patterns, operationalized through the number of

posted messages and number of transitions between different

speech act categories with the final course grade.

Finally, we built two multiple regression models, one for

each analyzed course. Each regression model included one
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dependent (i.e., final course grade) and five independent varia-

bles (degree, closeness, betweenness centrality, post count, and

transition count). Both models indicated a satisfactory fit, hav-

ing variance inflation factor (VIF) less than 2 for all the varia-

bles observed [57]. However, since both models indicated

potential issues with heteroscedasticity, we report coefficients

calculated using White’s [58] heteroscedasticity-corrected

covariance matrices to make inference. All the analyses

were conducted using the R software language for statistical

analysis [59].

IV. RESULTS

A. Conversation Modeling – Speech Acts (RQ1)

Fitting block HMM [47], [48] resulted in six speech act cat-

egories in both courses analyzed (Table SI, supplementary

material). However, interpreting the extracted categories, we

did not find the alignment with all the speech act categories as

defined by Searle [10] (representatives, directives, commis-

sives, expressives, and declarations). Instead, we identified

three subcategories of Directive speech acts (questions &

answers, instruction, and elaboration), Expressives, Represen-

tatives, and a category of messages that could not be charac-

terized as any act of speech, and thus was labeled Other.

Table II shows descriptive statistics of students’ and teachers’

contribution to different categories of speech acts. On average,

students’ contribution across the categories of speech acts was

higher and more evenly distributed in the FP course. Similar

to the existing research findings [28], [33], the highest number

of messages belonged to the Directive speech acts. Specifi-

cally, in discussion forums of both courses, most messages

posted was categorized as questions & answers.

The overall contribution (in terms of the number of messages

posted to a discussion forum) of the teaching staff in both

courses was rather similar: 17% of the total number of mes-

sages in the DDA course, and 19% in the FP course. However,

when the contribution to different categories of speech acts was

considered, we observed different patterns in the two courses

(Table II). The teaching staff in the DDA course seemed to be

focused on providing support in answering questions and

administering instructions related to the course organization,

with more than 35% of messages contributed to Directives

instruction andQ&A speech acts (Table II). Participation of the

teaching staff in the FP course seemed to have been more bal-

anced, in terms of similar amount and percentage of posts con-

tributed to each of the detected speech acts (Table II).

The highest percentage of students who posted to the DDA

discussion forum focused on creating posts categorized as

Expressive speech acts (58% - Fig. S1, supplementary mate-

rial). The DDA course also had a high percentage of students

with posts in the Other category (38% - Fig. S1, supplemen-

tary material). Such messages usually contain just a URL,

without further discussion. Given that there were five assign-

ments in the DDA course, an average of 1.66 posts per student

(Table II) could suggest a very low engagement with the

assessment. On the other hand, the highest percentage of stu-

dents who were engaged with the discussion forum in the FP

course tended to ask for help or assist their peers (66% - Fig.

S1, supplementary material). A noticeable number of students

focused on social interactions (Expressives – 40%) and contri-

butions that took the general form of Representative speech

acts (34% - Fig. S1, supplementary material). Finally, it is

noteworthy that in both courses, most of threads started as

Expressives (40% of threads in DDA and 35% in FP).

B. Conversation Modeling – Dynamics (RQ2)

The second research question focuses on further investiga-

tion of conversation patterns that reflect a coherence of the

shared discourse as well as a sequence of speech acts used in a

discussion. Thus, we examined to what extent students tended

to post across different categories of speech acts or whether

they rather clustered their contribution within a single cate-

gory (Fig. 1 and Table II) [22], [28].

Fig. 1 shows the transition probabilities between the catego-

ries of speech acts. An arrow is drawn from one speech act to

the other if the probability transition was equal or above 0.16,

which represents a probability of transition between speech

acts in a uniform model (i.e., that each post transitions to all

the other categories with the same likelihood). The transition

probabilities plot suggests that most discussion threads tended

to converge towards the category of posts that include higher

student-teacher interaction, with the primary intent to commu-

nicate problems students encountered and provide solutions to

those, (i.e., Directives Q&A in Fig. 1). It is noteworthy that in

both courses under the study, discussion threads starting with

a post that was categorized as Directive (Q & A), would

remain within this category of speech acts with a very high

likelihood (0.75 in FP and 0.88 in the DDA course). Finally,

none of the threads seems to transition to the post that was cat-

egorized as Other, with the probability higher than the thresh-

old (0.16).

Differences in transition patterns (i.e., thread coherence)

were identified in the two courses (Fig. 1). While both courses

were characterized with high likelihood of either transitioning

TABLE II
DESCRIPTIVE STATISTICS OF THE FORUM MESSAGES POSTED IN DIFFERENT

SPEECH ACT CATEGORIES, SHOWING TOTAL, AVERAGE NUMBER AND STAN-
DARD DEVIATION (BY STUDENTS AND TEACHERS), AS WELL AS NUMBER AND

PERCENTAGE OF MESSAGES CONTRIBUTED BY THE TEACHING STAFF
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to theDirective (Q & A) category, or remaining within the orig-

inal category, there were certain differences with respect to the

Directive (elaboration) and Representative speech acts. In case

of the DDA course, threads starting with Directives (elabora-

tion) would remain within the same category with high proba-

bility (0.70, compared to 0.48 in the FP course). However, it

was also highly likely that other threads would transition to the

Directives (elaboration) in the DDA course discussion forum,

which was not the case for the FP course (Fig. 1).

Likewise, in the FP course, one-third of the Representative

posts would most likely remain within the same category,

whereas another one-third would transition into Directives (Q

& A). This probability was slightly higher in the DDA case

where about a half of the posts tended to remain within the

Representatives category and another half was likely to transi-

tion to Directives (Q & A). Another difference between the

courses was in the high probability for the Other posts to tran-

sition into Representatives (0.37) in the DDA course.

C. Network Characteristics (RQ3)

Table III presents the two best fitting ERGMs, as indicated

by the lowest AICc values. Goodness-of-fit statistics provided

a satisfactory fit for the data analyzed. For both networks, indi-

cators of student conversation dynamics yielded a significant

positive effect on tie formation. That is, the number of posts

and the diversity of speech acts employed (i.e., transition

count) in forum discussions were positively associated with

the number of ties students created in social interactions

(Table III). Moreover, both networks indicated a significant

effect of homophily based on the final course outcome (passed

or failed the course in this case). Although we modeled selec-

tive mixing based on the student achievement in both courses,

effects that yielded better fit in the observed networks slightly

differed (Table III). Specifically, for the social network

extracted from the DDA course, we modeled differential

homophily (i.e., preference for students who obtained a certifi-

cate to create ties with other students who obtained a certifi-

cate, and vice versa) [53], [54], whereas in case of the FP

course we managed to fit uniform homophily for the same

attribute (i.e., propensity to form ties based on the achieve-

ment in general). Initially, we aimed at investigating differen-

tial homophily in both courses. However, in the case of the FP

course such configuration yielded worse model fit.

The effect of reciprocity was positive and significant in both

networks, indicating that the two-way interaction among stu-

dents or between students and teachers, occurred more fre-

quently than it would be expected by chance [55]. It is further

revealing that the network that emerged from the DDA discus-

sion forum was characterized by the significant effect of transi-

tivity. The effect itself suggests a tendency for the forum

participants to cluster together, i.e., indicating traces of collabo-

rative or cooperative work. However, our results also showed

that connections within such clusters in the DDA course did not

evolve to Simmelian (i.e., super-strong) ties [44], as it was the

case in the FP course (Table III). Being embedded within rela-

tively small, highly cohesive groups (or cliques), Simmelian ties

point to the existence of interactions that are qualitatively and

quantitatively different from other connections within a network.

D. Achievement, Discourse, and Networks (RQ4)

Our fourth research question was targeted at examining to

what extent the characteristics of social interactions in a

Fig. 1. The likelihood of transitions between different speech act categories
where a larger arrow width represents higher likelihood (exact probabilities
are represented with numerical values). The right part of the figure represents
percentage of messages posted with-in each of the speech act categories, with
highlighted values showing the contribution made by the teaching staff.

TABLE III
SUMMARY OF ERG MODELS ESTIMATES FOR DDA AND FP COURSES

Note: � p < .05. �� p < .01. ��� p < .001.
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discussion forum provide basis for interpreting the association

between learning-related social constructs (namely engage-

ment with peers and social centrality in a discussion forum)

and learning outcome (operationalized through the final course

grade) (Table IV). Specifically, following the conclusions

from the study by Joksimovi�c and colleagues [16], we

expected a significant association between the network cen-

trality measures and course outcome, in the case of the DDA

course. However, that should not be the case in the FP course,

given the significant tendency towards the formation of Sim-

melian ties in that course. As argued by Krachardt [44], being

embedded into super-strong ties, does not necessarily imply

benefits and could potentially introduce constraints [44].

In the DDA course, which was not characterized with the

tendency to form super-strong ties between the course partici-

pants, we were able to observe significant effect of the number

of posted messages (x2(1) ¼ 5.35, p <.001), weighted degree

centrality (x2(1) ¼ -2.17, p ¼ .015), and closeness centrality

(x2(1) ¼ 3.14, p <.001) (Table IV). The model explained 26%

of variance in students’ final course grade. As expected [16],

there was a significant association between the social position-

ing and final course outcome. In the FP course, on the other

hand, we observed a significant and positive effect only in the

case of the transition count (i.e., how many times students

transitioned from one speech act to another in their forum con-

tributions): x2(1) ¼ 5.17, p <.001. None of the centrality

measures was significantly associated with the final course

grade. The model, however, explained a comparably lower

amount of variance (12%) than in the case of the DDA course

(Table IV).

V. DISCUSSION

A. Intentions Employed in Collaborative Dialog (RQ1)

Our analysis revealed six categories of speech acts repre-

sentative of different cognitive actions expressed in communi-

cation within the two courses under study. Among those, we

identified three broad categories of directive speech acts, in

both courses analyzed (Table SI, supplementary material).

The Directive acts, as defined by Searle, represent a speaker’s

attempt to “get the hearer to do something” [10, p. 11] – e.g.,

ask a question, invite, or advise. Studying the use of directives

or prohibitions in the context of social learning, Ervin-Tripp

[60] showed a wide diversity of structural variations that

adults rely on in conveying directive speech acts. With respect

to the general intention of the posts identified in the directives

group and the nature of interactions (e.g., student-student,

student-teacher), we further categorized directive speech acts

as: questions & answers, instructions, and elaborations. The

detected variations of directives could also be found in previ-

ous related research. For instance, Merceron [35] or Arguello

and Shaffer [31], among others, relied on particular dialog

acts, such as answers, questions or issues.

It is interesting to note that in both courses we identified

Directives (questions & answers) speech acts to be primarily

focused on student-teacher interaction (Fig. 1). Directives

(instructions) speech acts were characterized by posts aimed

at providing certain instructions – such as course related infor-

mation (Table SI, supplementary material). This category

might be related to directive statements or hints, as defined by

Ervin-Tripp [60]. Directives (elaboration) acts were mainly

oriented towards a deeper knowledge construction and (pri-

marily student-student) interactions that aimed at more com-

prehensive elaboration of the topic under discussion. For

example, the following post would be categorized as an

elaborative:

“This is a very interesting and potentially wide

ranging question that you’ve raised. I don’t think that

competition necessarily hinders creativity. But some-

times people may act more in their own self interest,

perhaps out of a desire to “win” some fortune or sta-

tus. I think that there is plenty of competitiveness

(socially and economically) in Scandinavia and North-

ern Europe; probably just as much as in the other

countries you mentioned. If you haven’t watched any

movies or read any books by people from those cul-

tures, then I suggest you try some. (I enjoyed, [Bor-

gen] [1], and [The Killing] [2]). These show that

competitive behaviour is not beyond the realm of their

imagination. A further survey of the daily news from

these places will probably confirm less spectacular

examples. Although I don’t agree with limiting access

to food/water, healthcare or education, there are theo-

ries that claim competition may actually help people

to acheive goals faster and to improve their perfor-

mance. Maybe even to innovate (I’m thinking of the

fabled, Space Race). Having said all that. I’d be inter-

ested to hear from the design researchers and econo-

mists on this one. [1]: [URL] [2]: [URL]”.

That is, instead of directly providing a resolution to a prob-

lem, this post introduces different views and suggests consid-

eration of additional aspects of the initial investigation. As

such, the Directives (elaboration) category of speech acts

seems to further capture messages reflective of the integration

phase of cognitive presence, as defined in the community of

inquiry framework [61].

Expressives as a particular type of social interactions, was

mostly characterized by messages that expressed certain psy-

chological states (such as appreciation for provided answer)

[10]. However, in an extended meaning and similar to the

study by Poquet and Dawson [22], in our study, this category

TABLE IV
RESULTS OF THE REGRESSION ANALYSIS OF THE ASSOCIATION BETWEEN STU-
DENT POSTING BEHAVIOR, SOCIAL CENTRALITY AND FINAL COURSE GRADE

Note: � p < .05. �� p < .01. ��� p < .001.
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also included messages that reflected specific personal experi-

ence (Table SI, supplementary material). This suggests that in

the context of online discussions, the category of Expressive

speech acts captures social interaction that can be qualified as

a socio-emotional conversation, as defined by Poquet and

Dawson [22], or interpersonal and open communication as

defined by Garrison and Akyol [61]. For example, the follow-

ing message includes indicators of interpersonal and open

communication, as defined by Garrison and Akyol [61]:

“Hi, My name is [NAME], I�m an industrial designer

from [CITY, STATE]; I enrolled this course because

I�m really into design and I strongly believe that within

design my country can progress and improve the

industry and economy. I�m [YEAR] years old, and I

have been working in fashion industry in [STATE], I

have only my Bachelor degree and right now I�m look-

ing for a master overseas in order to complement my

education; what would you suggest me? Thanks!!!!

Regards [NAME]”.

In line with Qadir and Riloff [33], therefore, we observe

Expressives in discussion forums as a speech act category that

conveys appreciation, complimenting, expressing agreement,

or bears conventional expression of emotions or student per-

sonal details [61].We also observed the Representative speech

act – an illocutionary point that depicts a student’s (originally

a speaker’s) “belief of something that can be evaluated as true

of false” [33, p. 750]. Considering Representative acts from a

broader perspective (similar to Qadir and Riloff [31]), we rec-

ognized as Representative those messages that pointed to cer-

tain conclusions (or evaluations) that indicated students’

understanding of something being the case. For example, pro-

viding a solution to a previously posted problem (Table SI,

supplementary material). This category (i.e., Representatives)

also vaguely relates to the resolution phase of cognitive pres-

ence, as defined within the Community of Inquiry framework

[61].

Finally, both courses were characterized with a particular

group of messages that did not have indicators of an intended

action or social activity. Given that they could not be catego-

rized as assertive, commissive, directive, or expressive point

[9], [10], we were tempted to label them as declarative speech

acts. However, those messages also did not imply any kind of

“alternation in the status or condition” [10, p. 14], or had the

strength of declarations as originally defined. Their primary

purpose was to submit an assignment or point to a specific

resource (Table SI, supplementary material), without expressed

intent to carry out a specific act [9]. Therefore, they were coded

asOther.

Nevertheless, it is not surprising that Declaration speech

acts were not identified in the examined discussion forums.

This finding is in line with Qadir and Riloff [33], for example,

who also did not observe this category in discussion forum

posts obtained from a professional learning network. Given

the nature of interaction in digital educational settings, it is

rather unlikely to expect statements like the ones declaring a

war or firing someone [10], [33].

Likewise, we were not able to identify commissives – illo-

cutionary point that occurs when a speaker commits to a

future action – as a distinct category. A possible explanation

might lay in the unit of analysis used in the study. Specifically,

we relied on message as the basic level of communication

between forum participants. Thus, it does not mean that there

were no utterances (e.g., sentences), that could be classified as

commissives (Section 2.1). As a matter of fact, our qualitative

examination of messages did indeed reveal sentences where

students (or teachers) obliged to take some further actions. For

example, the following sentence:

“. . .What I’ll do, I will make a screenshot of the text written

and if this text is indeed yours [NAME], than I could assess it

after all!. . .” could be classified as a Commissive speech act.

However, this utterance represents a part of a longer message

that was ultimately categorized as Directives (questions &

answers), which indeed depicts the role this message had in

the social interaction.

It should be noted that we intentionally focus on interpret-

ing extracted speech acts according to the general categoriza-

tion, as provided by Searle [10], instead of relying on more

specific and purpose-built classification. As we outlined in

Section II, the majority of previous research focuses on

domain specific categories of speech acts [35], derived from

broad categorizations introduced by Austin [32] and Searle

[10]. We contend here that relying on general purpose catego-

rization should allow for making more general inferences and

comparisons across different contexts.

B. Exploring Sequences of Intended Cognitive Actions (RQ2)

It is no surprise that most discussion posts in both courses

started with Expressive speech acts (Section 4.1). Given our

understanding of Expressive speech acts in discussion forums

as means to establish a social connection, this finding aligns

with the existing literature in digital educational settings [22],

[61]. For example, the original model by Garrison and Akyol

[61] posits that this form of communication should indicate

the inception of community formation in online settings.

Given the wide diversity of learners in MOOCs and challenges

related to establishing and sustaining social interactions and

development of learning communities at scale [28], [61], it

seems reasonable to expect that a considerable amount of con-

versation begins with Expressive speech acts.

The two courses were also similar with respect to the find-

ing that a majority of discussion threads tended to converge

towards the category of posts that indicates help-seeking and

help-providing. Specifically, our results align with previous

research showing that the majority of learners in MOOCs

engage with discussion forums to ask a question about an

assignment or other course related issues [35], [28]. It is, how-

ever, interesting that those groups of speech acts were charac-

terized with considerably high teachers’ participation. In the

context of more formal context of online learning, the existing

research argues for the importance of teaching presence from

the perspective of the acquisition of knowledge, students’

engagement and achieving higher learning outcomes in gen-

eral [61]. As Garrison and Akyol posit, it is teaching presence
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that “provides the structure (design) and leadership (facilita-

tion and direction) required for effective interaction and dis-

course, which leads to higher-order learning” [61, p. 111]. It

can be argued that despite the informal settings and higher

independence, it seems that students in context of MOOC still

rely on extensive student-teacher interactions in addressing

learning and course related issues. Such interpretation also

aligns with the existing research that argues for the importance

of instructional design, and teaching presence in general, as

the critical component for shaping the level of cognitive pres-

ence in MOOCs [62].

The difference between the two courses, however, is present

in the tendency for the conversations in the DDA course to

converge towards those speech acts that might suggest higher

presence of knowledge building processes – i.e., Representa-

tive and Directive (elaboration) speech acts [8]. This pattern

was not present in the FP course. Conversations (i.e., threads)

in the FP course tended to be more homogenous – starting and

completing with questions and answers or remaining within

the same speech act category. It seems that these differences

in the sequences of actions employed in communication can

be contributed to the nature of the subjects of two courses

under study or in the nature of the actual tasks and the type of

learning promoted. Specifically, while DDA course focused

on the topic of industrial design and most likely promoted

inquiry-based learning, FP talks about programming and soft-

ware development. As posited by Ga�sevi�c and colleagues

[30], among others, this finding further contributes to the

understanding that analytics of learning needs to consider con-

textual factors as well.

C. Factors Framing Social Interactions (RQ3)

Our results showed that students’ conversational patterns

(i.e., number of posts and count of transitions between speech

acts) were positively associated with the number of connec-

tions students established with their peers, across both net-

works analyzed (Table III). A considerably higher estimate

for the transition count might further suggest that a simple par-

ticipation (expressed through the post count) was not enough.

What seems to be more important, based on the higher values

of the estimates, is the use of different acts of speech when

communicating with peers and teachers.

The analysis of selective mixing revealed some notable

results. The tendency to form ties based on students’ achieve-

ment represents one of the defining characteristics of the net-

works emerging from two MOOC discussion forums. Aligned

with the existing literature, homophily based on students’

achievement seems to be one of the important factors that

frames social interactions in online learning settings in general

[16], [18], [21]. Nevertheless, different statistics (i.e., uniform

vs. differential homophily) showed that there were certain dif-

ferences between the two courses analyzed [56]. Our results

showed that the students who passed the FP course were

equally likely to connect with the students who also passed

the course and that the students who failed the FP course were

likely to interact with other students who failed the course.

This was not the case for DDA course, where students who

failed the course were less likely to establish social interac-

tions with other students who also failed the course.

It is no surprise that both networks under study yielded a

significant effect of reciprocity. This tendency towards form-

ing mutual ties between peers (i.e., continued interaction) has

been recognized as one of the defining characteristics of inter-

actions in online social networks [16], [18], [54]. It contributes

to the creation of a comfortable learning environment that sup-

ports efficient knowledge sharing [56]. On the other hand, the

results of discourse analysis (Section 4.2) suggest that students

in the FP course were mainly focused on help seeking (and

perhaps answering), i.e., the Directives Q&A speech acts. This

kind of discourse seems to contribute more to the development

of focused discussions in small groups and high “modularity

in communicative tendencies” [28, p. 22], as also evident

based on the negative effect of popularity spread and expan-

siveness (Table III) [56].

The tendency to form clusters (i.e., small groups) of stu-

dents was also reflected in the significant effect of transitivity,

as found in both courses [45], [55]. Where the two courses dif-

fered, however, was the extent to which those ties evolved into

qualitatively and quantitatively stronger social interactions

(i.e., Simmelian ties). The existence of Simmelian ties, in the

FP course, indicates a tendency towards high fragmentation

among forum participants and interactions within small groups

of students [28]. The nature of discourse in the FP course fur-

ther suggests that those super-strong ties could have primarily

emerged from students’ behavior that was characterized by

seeking help and providing solutions to help the inquires of

others. It is, however, unclear, to what extent teachers’ activity

influenced the formation of super-strong ties in the FP course.

A possible reason for this could be that a more diverse contri-

bution of the teaching staff in the FP course as compared to

that of the teaching staff in the DDA course could have been

one of the factors that framed social interactions in this way.

Aiming to deepen our understanding of the formation of

super-strong ties in the FP course, we refer to the notion of

common ground, that is, the presence of shared information in

any communication act between two peers, either online or

face-to-face [63], [64]. The common ground represents arte-

facts generated in the communication process that peers

employ in “articulating their positions and developing sol-

utions” [64, p. 15]. According to Xin and Freenberg’s [64]

framework, a successful communication is characterized by

constantly growing the common ground that is reflected

through a variety of speech acts employed in the interaction.

Table III shows that the number of transitions between differ-

ent speech acts represents one of the defining characteristics

of both networks, suggesting that more frequent exchange of

different speech acts was positively associated with the num-

ber of connections students established with their peers.

Fig. 1, on the other hand, shows that most of the FP and DDA

discussion threads converged towards questions and answers

acts, and it was this category that was necessary for reaching

the common ground among the communication participants

[65]. However, it seems that the high likelihood of transitions

towards the posts labeled as Directives (elaboration) and
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Representative posts could be explained with the course

requirements and topic of the course. However, as these mes-

sages seem to be aligned with higher orders of cognitive pres-

ence – i.e., being difficult to reach [61], it seems that those

types of interactions did not evolve towards establishing quali-

tatively stronger ties between course participants (character-

ized as Simmelian ties in Table III). Nevertheless, such claim

warrants further research, particularly given that the nature of

the two courses considerably differs (computers science vs.

design), which will likely influence discourse generated

through social interactions.

D. Achievement, Discourse, and Networks (RQ4)

Our fourth research question examined to what extent the

characteristics of social interactions in a discussion forum pro-

vide basis for interpreting the association between learning-

related social constructs (namely engagement with peers and

social centrality in a discussion forum) and learning outcome

(operationalized through the final course grade). Specifically,

following the conclusions from the study by Joksimovi�c and

colleagues [16], we expected a significant association between

the network centrality measures and course outcome, in the

case of the DDA course. However, that should not be the case

in the FP course, given the significant tendency towards

the formation of Simmelian ties in that course. As argued by

Krachardt [44], being embedded into super-strong ties, does

not necessarily imply benefits and could potentially introduce

constraints [44]. Additionally, we also explored the associa-

tion between forum participation patterns, operationalized

through the number of posted messages and number of transi-

tions between different speech act categories with the final

course grade (Table IV).

Overall, our results (Table IV) support findings from the

previous research [16]. There was a significant association

between the social positioning and final course outcome in the

case of the DDA course, whereas this association was not

observed in the FP course. However, it is interesting to note

that whereas the direction of fit for the student activity in dis-

cussion forum was positive, the weighted degree and students’

potential for control of communication (i.e., closeness central-

ity) were negatively associated with the outcome in the DDA

course (Table IV). The positive value of the estimate for close-

ness centrality mean a negative association as small values are

indicative of high control of communication. These results

might be explained with the forum participation patterns. Spe-

cifically, even though most students who contributed to the

DDA discussion forum posted messages that were character-

ized as either Expressives or Other (Fig. S1, supplementary

material), the average number of messages contributed to

these two speech act categories was rather low (Table II).

These factors suggest rather shallow communication in the

DDA course, showing that a high number of students posted

only once and did not engage into continuing interaction, that

could explain the negative association between centrality

measures and final course grade.

In the FP course, we observed a significant and positive

effect only in the case of the transition count (Table IV). The

highest number of transitions between categories of speech

acts could indicate a communication between students with a

higher amount of shared information (i.e., common ground),

which could have positive effect on students’ performance. As

for the lack of the association with centrality measures, given

Krachardt’s [44] interpretation of the super-strong ties, it was

rather expected. The model explained a comparably lower

amount of variance (12%) than in the case of the DDA course.

VI. CONCLUSION & IMPLICATIONS

Discourse and social network analyses have a long tradition

in educational research and learning analytics. Nevertheless,

they have been commonly applied as separate analytical

approaches that allow for obtaining insight into the learning

process from two different perspectives, rather than as a set of

complementary approaches. This study suggests that combin-

ing discourse and social network analyses could provide com-

prehensive insights into the process of learning in networks

emerging from interactions in digitally connected, computer

mediated settings.

In this study, we grounded the theoretical framework in the

speech acts theory [9], [10], as means for investigating

intended meaning (i.e., speech act) of the communication in

MOOC discussion forums. Relying on unsupervised methods

for discourse analysis, namely block HMM [48], we were able

to identify, in an automated way, common groups of speech

acts emerging from discussion forums of the two MOOCs ana-

lyzed. Further, different conversational patterns evident in the

students’ contributions to the studied discussion forums

revealed rather distinct social dynamics that framed emerging

social networks. For instance, we showed that a discourse

characterized by rather homogenous threads (in terms of

speech acts), primarily focused on Q&A sessions, and with a

substantial common ground (i.e., shared information), is asso-

ciated with evolution of super-strong ties.

Complementing discourse analysis with the methods of sta-

tistical network analysis, we were further able to interpret the

association of social centrality and forum participation with

the final course outcome. Specifically, for predicting course

grade in a course that is characterized with a close interaction

between discussion forum participants (as in the analyzed FP

course), it seems that a simple participation and social central-

ity are not features of great importance. Such findings are in

accordance with the results from the previous work [16],

which provided an insight into the discourse properties that

could be associated with different network configurations.

A. Implications

Our findings suggest several important implications for fur-

ther research and practice. Whereas the algorithm used in this

study (i.e., block HMM – [48]) was previously evaluated using

the discussion data from other online communication platforms

(i.e., Twitter and CNET), this study showed that the same

approach could be successfully applied in more structured edu-

cational settings – i.e., to analyze discussion forums. Further,

even though the analysis of speech acts at the message level
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provided useful insights into conversation dynamics, as con-

firmed in this and previous studies [31], [35], further research

should explore approaches that use individual utterances as a

unit of analysis. Such approaches would provide more fine-

grained insights into emerging conversational patterns.

One of the notable differences with in communication

dynamics observed in the two examined discussion forums

was related to the patterns of teachers’ participation. Although

learning at scale in general (e.g., MOOCs) is student-centered

and heavily depends on students’ motivation to engage and

regulate their learning [1], our study suggests that the forma-

tion of small, highly cohesive groups, might depend on the

presence and the role of the teacher. This could be further

related to the instructional design that, in the case of the ana-

lyzed courses, did not assume grading of students’ discussion

contributions [62]. Nevertheless, it is important to further

explore how and to what extent teachers’ participation could

affect students’ participation in discussions.

From the practical perspective, the approach presented here,

could provide teachers with valuable information about student

participation in a discussion forum. For example, relying on the

proposed approach, teachers could obtain a comprehensive

(automated) summary of discussion threads students are involved

with, which could further allow for a more advanced feedback

provision than present tools offer [66]. By understanding factors

that influence interactions in discussion forums, teachers would

be better able to validate certain indicators of learning and make

informed decisions about required interventions.

B. Limitations

Several limitations of our study need to be acknowledged.

First, the study observed students’ interactions within discussion

forums of two courses with different subject domains. Still, fur-

ther research should also consider courses from other disciplines.

Further, given that the assessment is recognized as one of the

most powerful ways to influence student motivation and achieve-

ment [66], it seems rather important to replicate the method pre-

sented in this study with courses that include graded discussions.

Finally, this study did not account for students’ motivation to par-

ticipate in a course, their level of education, or previous experi-

ence with online courses (and MOOCs in particular). Although a

majority of students fail to submit survey data [67], this line of

research could potentially provide additional insights into the fac-

tors that shape social interactions in MOOCs.

From the methodological perspective, our approach also reflects

the limitations that stem from the nature of unsupervised methods.

Specifically, interpretation of speech acts is subjective, to a certain

extent, and requires high contextual knowledge. We also pointed

out that our unit of analysis was the entire post (Section 3.2). This

means that some of the speech acts could have been omitted due

to being nested within a message. Furthermore, the verification of

the identified speech acts was done by one coder and reviewed by

two experts in the field. To assure more rigorous evaluation of the

identified speech acts, in our future research, we intend to verify

the results of unsupervised methods by employing at least two

coders to independently code a representative sample of the results

set. Finally, although we strongly doubt that results would be

different, it is important to acknowledge that we did not correct

spelling and typing errors when pre-processing the data.

ACKNOWLEDGMENT

The authors would like to thank Carolyn Penstein Ros�e and

Yohan Jo for their helpful advice and information provision about

the tools that were used in this study. The authors are also very

grateful to Oleksandra Poquet and Arabella Sinclair for their very

informative and useful discussion on interpreting the results of

this research.

REFERENCES

[1] C. Jones, Networked Learning: An Educational Paradigm for the Age of
Digital Networks. Berlin, Germany: Springer, 2015.

[2] G. Stahl, “Meaning making in CSCL: Conditions and preconditions for
cognitive processes by groups,” in Proc. 8th Int. Conf. Comput. Supported
Collaborative Learn., NewBrunswick, NJ, USA, 2007, pp. 652–661.

[3] G. Stahl, “Building collaborative knowing,” in What We Know
About CSCL: And Implementing it in Higher Education, J.-W. Strijbos,
P. A. Kirschner, and R. L. Martens, Eds., Dordrecht, The Netherlands:
Springer, 2004, pp. 53–85.

[4] I. Halatchliyski, J. Moskaliuk, J. Kimmerle, and U. Cress, “Explaining
authors’ contribution to pivotal artifacts during mass collaboration in
the Wikipedia’s knowledge base,” Int. J. Comput.-Supported Collabora-
tive Learn., vol. 9, no. 1, pp. 97–115, 2014.

[5] P. Goodyear, Advances in Research on Networked Learning (Computer-Sup-
ported Collaborative Learning, V. 4). Norwell, MA, USA: Kluwer, 2004.

[6] G. Stahl, “Meaning and interpretation in collaboration,” in Designing for
Change in Networked Learning Environments, Berlin, Germany:
Springer, 2003, pp. 523–532.

[7] J. W. Strijbos, P. A. Kirschner, and R. L. Martens,What We Know About
CSCL: And Implementing it in Higher Education. Berlin, Germany:
Springer, 2006.

[8] S. C. Levinson, “Speech acts,” in The Oxford Handbook of Pragmatics,
Y. Huang Ed., London, U.K.: Oxford Univ. Press, 2017.

[9] C. Bazerman, “Speech acts, genres, and activity systems: How
texts organize activity and people,” in What Writing Does and How
it Does it: An Introduction to Analyzing Texts and Textual Practices,
C. Bazerman and P. Prior, Eds., Mahwah, NJ, USA: Lawrence Erlbaum
Associates, 2004, pp. 309–339.

[10] J. R. Searle, “A classification of illocutionary acts,” Lang. Soc., vol. 5,
no. 1, pp. 1–23, 1976.

[11] M. W. Jørgensen and L. J. Phillips, Discourse Analysis as Theory and
Method. Newbury Park, CA, USA: Sage, 2002.

[12] F. Marbouti and A. F. Wise, “Starburst: A new graphical interface to
support purposeful attention to others’ posts in online discussions,”
Educ. Technol. Res. Develop., vol. 64, no. 1, pp. 87–113, 2016.

[13] M. M. Bakhtin, Speech Genres and other Late Essays. Austin, TX, USA:
Univ. Texas Press, 1986.

[14] D. Hicks, “Discourse, learning, and teaching,” Rev. Res. Educ., vol. 21,
pp. 49–95, 1995.

[15] L. Vygotsky, Thought and Language. Cambridge, MA, USA: MIT
Press, 1986.

[16] S. Joksimovi�c, A. Manataki, D. Ga�sevi�c, S. Dawson, V. Kovanovi�c,
and I. F. de Kereki, “Translating network position into performance:
Importance of centrality in different network configurations,” in
Proc. Int. Conf. Learn. Analytics Knowl., New York, NY, USA,
2016, pp. 314–323.

[17] B. V. Carolan, Social Network Analysis Education: Theory, Methods &
Applications. Newbury Park, CA, USA: Sage, 2014.

[18] S. Kellogg, S. Booth, and K. Oliver, “A social network perspective on
peer supported learning in MOOCs for educators,” Int. Rev. Res. Open
Distrib. Learn., vol. 15, no. 5, pp. 263–289, 2014.

[19] O. Skrypnyk, S. Joksimovi�c, V. Kovanovi�c, D. Gas�sevi�c, and S. Dawson,
“Roles of course facilitators, learners, and technology in the flow
of information of a CMOOC,” Int. Rev. Res. Open Distance Learn.,
vol. 16, no. 3, pp. 188–217, 2015.

[20] K. Stepanyan, K. Borau, and C. Ullrich, “A social network analysis per-
spective on student interaction within the twitter microblogging environ-
ment,” in Proc. 10th IEEE Int. Conf. Adv. Learn. Technol., Sousse,
Tunisia, 2010, pp. 70–72.

50 IEEE TRANSACTIONS ON LEARNING TECHNOLOGIES, VOL. 13, NO. 1, JANUARY-MARCH 2020

Authorized licensed use limited to: TU Delft Library. Downloaded on April 06,2020 at 15:25:24 UTC from IEEE Xplore.  Restrictions apply. 



[21] L. M. Vaquero and M. Cebrian, “The rich club phenomenon in the class-
room,” Sci. Rep., vol. 3, Jan. 2013, Art. no. 1174.

[22] O. Poquet and S. Dawson, “Untangling MOOC learner networks,” in Proc.
Int. Conf. Learn. Analytics Knowl., NewYork, NY,USA, 2016, pp. 208–212.

[23] M. Zhu, Y. Bergner, Y. Zhang, R. Baker, Y. Wang, and L. Paquette,
“Longitudinal engagement, performance, and social connectivity: A
MOOC case study using exponential random graph models,” in Proc. Int.
Conf. Learn. Analytics Knowl., NewYork, NY, USA, 2016, pp. 223–230.

[24] M. De Laat, Networked Learning, Apeldoorn, The Netherlands: Police
Acad., 2006.

[25] A. Gruzd, C. Haythornthwaite, D. Paulin, R. Absar, and M. Huggett,
“Learning analytics for the social media age,” in Proc. Int. Conf. Learn.
Analytics Knowl., Indianapolis, IN, USA, 2014, pp. 254–256.

[26] T. Hecking, I. A. Chounta, and H. U. Hoppe, “Role modelling in MOOC
discussion forums,” J. Learn. Anal., vol. 4, no. 1, pp. 85–116, 2017.

[27] I. Molenaar and M. M. Chiu, “Effects of sequences of socially regulated
learning on group performance,” in Proc. Int. Conf. Learn. Analytics
Knowl., New York, NY, USA, 2015, pp. 236–240.

[28] N. Gillani and R. Eynon, “Communication patterns in massively open
online courses,” Internet Higher Educ., vol. 23, pp. 18–26, 2014.

[29] R. Azevedo, “Defining and measuring engagement and learning in sci-
ence: conceptual, theoretical, methodological, and analytical issues,”
Educational Psychol., vol. 50, no. 1, pp. 84–94, 2015.

[30] D. Ga�sevi�c, S. Dawson, T. Rogers, and D. Gasevic, “Learning analytics
should not promote one size fits all: The effects of instructional condi-
tions in predicting academic success,” Internet Higher Educ., vol. 28,
pp. 68–84, 2016.

[31] J. Arguello andK. Shaffer, “Predicting speech acts inMOOC forum posts,”
inProc. Int. AAAI Conf. Web Social Media, Oxford, U.K., 2015, pp. 2–11.

[32] J. L. Austin, How to do Things With Words. Oxford, U.K.: Clarendon
Press, 1962.

[33] A. Qadir and E. Riloff, “Classifying sentences as speech acts in message
board posts,” in Proc. Conf. Empirical Methods Natural Lang. Process.,
Stroudsburg, PA, USA, 2011, pp. 748–758.

[34] S. Bhatia, P. Biyani, and P.Mitra, “Summarizing online forum discussions-
can dialog acts of individual messages help?” in Proc. Conf. Empirical
Methods Natural Lang. Process., Doha, Qatar, 2014, pp. 2127–2131.

[35] A. Merceron, “Connecting analysis of speech acts and performance
analysis-an initial study,” in Proc. Workshops Collocated Int. Conf.
Learn. Analytics Knowl., Indianapolis, IN, USA, 2014.

[36] J. Kim, J. Li, and T. Kim, “Towards identifying unresolved discussions
in student online forums,” in Proc. NAACL HLT 5th Workshop Innova-
tive Use NLP Building Educational Appl., 2010, pp. 84–91.

[37] N. J. Nagelkerke, “A note on a general definition of the coefficient of
determination,” Biometrika, vol. 78, no. 3, pp. 691–692, 1991.

[38] L. C. Freeman, “Centrality in social networks conceptual clarification,”
Soc. Netw., vol. 1, no. 3, pp. 215–239, 1978.

[39] S. Wasserman, Social Network Analysis: Methods and Applications.
Cambridge, U.K.: Cambridge Univ. Press, 1994.

[40] M. S. Granovetter, “The strength of weak ties,” Amer. J. Sociology,
vol. 78, pp. 1360–1380, 1973.

[41] S. Jiang, S. M. Fitzhugh, and M. Warschauer, “Social positioning and
performance in MOOCs,” in Proc. Workshops Co-Located Educational
Data Mining, London, U.K., 2014, vol. 1183, pp. 55–58.

[42] H. Cho, G. Gay, B. Davidson, and A. Ingraffea, “Social networks, com-
munication styles, and learning performance in a {CSCL} community,”
Comput. Educ., vol. 49, no. 2, pp. 309–329, 2007.

[43] D. Ga�sevi�c, A. Zouaq, and R. Janzen, “‘Choose your classmates, your GPA
is at stake!’: The association of cross-class social ties and academic per-
formance,” Amer. Behavioral Sci., vol. 57, no. 10, pp. 1460–1479, 2013.

[44] D. Krackhardt, “The ties that torture: simmelian tie analysis in organ-
izations,” Res. Sociology Org., vol. 16, pp. 183–210, 1999.

[45] G. Simmel, The Sociology of Georg Simmel. New York, NY, USA:
Simon and Schuster, 1950.

[46] K. Krippendorff, Content Analysis: An Introduction to Its Methodology.
Newbury Park, CA, USA: Sage, 2012.

[47] A. Ritter, C. Cherry, and B. Dolan, “Unsupervised modeling of twitter
conversations,” in Proc. Annu. Conf. North Amer. Chapter ACL,
Stroudsburg, PA, USA, 2010, pp. 172–180.

[48] M. J. Paul, “Mixed membership Markov models for unsupervised con-
versation modeling,” in Proc. Joint Conf. Empirical Methods NLP Com-
put. Natural Lang. Learn., Jeju Island, South Korea, 2012, pp. 94–104.

[49] D. M. Blei, A. Y. Ng, and M. I. Jordan, “Latent Dirichlet allocation,” J.
Mach. Learn. Res., vol. 3, pp. 993–1022, 2003.

[50] T. Winograd, F. Flores, and F. F. Flores, Understanding Computers and
Cognition: A NewFoundation for Design. Norwood, NJ, USA: Ablex, 1986.

[51] Y. Jo,M.M.Yoder,H. Jang, andC. P.Ros�e, “Modeling dialogue actswith con-
tent word filtering and speaker preferences,” in Proc Conf. Empirical Methods
Natural Lang. Process., Copenhagen,Denmark, 2017, pp. 2169–2179.

[52] M. Nikita, “ldatuning: Tuning of the latent Dirichlet allocation models
parameters,” 2016. [Online]. Available: https://cran.r-project.org/web/
packages/ldatuning/index.html

[53] J. Cao, T. Xia, J. Li, Y. Zhang, and S. Tang, “A density-based method for
adaptive {LDA} model selection,” Neurocomputing, vol. 72, no. 7–9,
pp. 1775–1781, 2009.

[54] R. Deveaud, E. SanJuan, and P. Bellot, “Accurate and effective latent con-
cept modeling for ad hoc information retrieval,” Document Num�erique,
vol. 17, no. 1, pp. 61–84, 2014.

[55] S. M. Goodreau, J. A. Kitts, and M. Morris, “Birds of a feather, or friend
of a friend? Using exponential random graph models to investigate ado-
lescent social networks,”Demography, vol. 46, no. 1, pp. 103–125, 2009.

[56] D. Lusher, J. Koskinen, and G. Robins, Exponential Random Graph
Models for Social Networks: Theory, Methods, and Applications. Cam-
bridge, U.K.: Cambridge Univ. Press, 2012.

[57] A. Field, J. Miles, and Z. Field, Discovering Statistics Using R. Newbury
Park, CA, USA: Sage, 2012.

[58] H. White, “A heteroskedasticity-consistent covariance matrix estimator
and a direct test for heteroskedasticity,” Econometrica, vol. 48, no. 4,
pp. 817–838, 1980.

[59] R Core Team, R: A Language and Environment for Statistical Comput-
ing. Vienna, Austria: R Foundation for Statistical Computing, 2014.

[60] S. Ervin-Tripp, “Speech acts, social meaning and social learning,” in
Lang., Social Psychological Perspectives, H. Giles, W.P. Robinson, and
P. M. Smith (Eds.), New York: Pergamon, pp. 389–396. doi: 10.1016/
B978-0-08-024696-3.50064-8

[61] D. R. Garrison and Z. Akyol, “The community of inquiry theoretical
framework,” in Handbook of Distance Education, G. M. Moore, Ed.,
New York, NY, USA: Routledge, 2013, pp. 104–120.

[62] V. Kovanovi�c, et al., “Exploring communities of inquiry in massive
open online courses,” Comput. Educ., vol. 119, pp. 44–58, 2018.

[63] M. Poesio and D. R. Traum, “Conversational actions and discourse sit-
uations,” Comput. Intell., vol. 13, no. 3, pp. 309–347, 1997.

[64] C. Xin and A. Feenberg, “Pedagogy in cyberspace: The dynamics of
online discussion,” J. Distance Educ., vol. 21, no. 2, pp. 1–25, 2006.

[65] D. R. Traum and J. F. Allen, “Discourse obligations in dialogue proc-
essing,” in Proc. Annu. Meeting Assoc. Comput. Linguistics, Las Cruces,
NM, USA, 1994, pp. 1–8.

[66] K. M. Cauley and J. H. McMillan, “Formative assessment techniques to
support student motivation and achievement,” Clearing. House, J. Edu-
cational Strategies Issues Ideas, vol. 83, no. 1, pp. 1–6, Jan. 2010.

[67] N. M. Hicks, et al., “Integrating analytics and surveys to understand
fully engaged learners in a highly-technical STEM MOOC,” in Proc.
IEEE Frontiers Educ. Conf., Erie, PA, USA, 2016, pp. 1–9.

JOKSIMOVI�C et al.: COMPREHENSIVE ANALYSIS OF DISCUSSION FORUM PARTICIPATION: FROM SPEECH ACTS TO DISCUSSION DYNAMICS... 51

Authorized licensed use limited to: TU Delft Library. Downloaded on April 06,2020 at 15:25:24 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1016/B978-0-08-024696-3.50064-8
https://dx.doi.org/10.1016/B978-0-08-024696-3.50064-8


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


