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Predicting teamwork group assessment using log data-based
learning analytics

Abstract

The application of learning analytics techniques to log data from Learning Management
Systems (LMS) has raised increasing interest in the past years. Advances in this field
include the selection of adequate indicators and development of research frameworks.
However, most research has focused on individual students, which has hampered the
development of learning analytics for team assessment in collaborative learning
contexts. From a four-dimensional view of teamwork, this study proposes a set of log
data-based indicators to facilitate group assessment in project-based learning courses,

and identify relevant predictors of final project results.
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Introduction

The growing use of Learning Management Systems (LMS), advances in statistical analysis,
the rapid development of software and analytics methods, and the increasing interest
in the education field to apply the principles of business analytics to learning processes,
have led to the emergence of educational data-mining and learning analytics as one of
the most promising research fields in computer-supported education. The main
principle of learning analytics lies on the extraction of useful and actionable information
from the large amount of data generated in online learning systems—i.e. LMS log
systems—to inform the different learning actors—institutions, instructors and students—
in order to improve learning processes.

While the objective of the application of learning analytics techniques may vary
from case to case—prediction of academic success, implementation of early-warning
systems, reduction of attrition rates, etc.— the analysis mostly relies on one source: the
data stored on LMS logs. The main challenge is to decide which data can provide useful
information or how to aggregate and present data in a format that may offer any
additional value to the different actors. Agudo-Peregrina et al. (2014) define interactions,

and their representation as log database records, as the basic contextualized data units



needed for learning analytics. However, specific and less-studied problems, such as data
dimensionality, still need to be addressed in log data-based learning analytics of online
courses.

Data dimensionality is especially relevant in online computer-supported
collaborative learning. So far, log data-based learning analytics mostly focuses on one
dimension or specific aspect of data: frequency of interactions, at individual or course
levels. Such a perspective leaves out essential information about collaborative learning
processes, where social construction of learning is expected to happen. For instance,
teamwork assessment in a learning context requires individual and team monitoring and
assessment. However, monitoring and continuous assessment are intensive, time-
consuming tasks for instructors (Buckingham-Shum & Ferguson, 2011; Fidalgo-Blanco et
al., 2015). Usually, teamwork assessment involves observational methods, but these
methods demand a long time that instructors do not often have (Fidalgo-Blanco et al.
2015), or require the presence of experts who may guarantee a more objective
assessment (Hobson et al. 2014). Other team assessment practices include peer-
assessment using questionnaires (Salas, Burke, Fowlkes & Priest, 2004), but they also
demand a lot of time and lack objectivity due to the individual nature of perceptions.
Therefore, two of the main problems for teamwork behavior observation and teamwork
assessment are the lack of time and of objectivity of the methods.

Technology-supported collaborative activities facilitate observation of teamwork
behaviors by logging the activity of each team member in a database (Davies et al., 2011).
These logs, when combined with adequate teaching methodologies, provide objective
evidence of teamwork behaviors without requiring peer-assessment, and facilitate
monitoring and tracking tasks for instructors. However, log data are just raw data, and
therefore they may be very difficult to understand without the required technical
training or knowledge; further, their big volume makes it difficult to manage those data
(Dominguez et al., 2013).

Learning analytics techniques provide helpful support in handling these digital
traces. Learning analytics may be applied to log data stored in the LMS database for
collection, selection, analysis and interpretation of the information stored in those
records (Ferguson & Clow, 2015; Long & Siemens, 2011). Learning analytics has so far

confirmed that students with higher participation (MacFadyen & Dawson, 2010), higher



levels of interaction with their peers (Crawford & Lepine, 2011) or higher levels of overall
interaction (Robinson, 2010) perform better and achieve better learning outcomes.
Therefore, indicators identified in prior research may predict student achievement
(Hung & Zhang, 2008), and some indicators may even successfully detect at-risk learners
in the first weeks of a course (Dekker et al., 2009). Time-related information present in
log data is also a useful source of information for instructors, as students that reply
promptly to questions from their peers (Liu et al. 2011), those who have higher levels of
reciprocity (Haya et al. 2015), share knowledge timely (Navimipour & Charband, 2016)
or deliver their assignments in due time (Vermeulen, 2014) also show better outcomes.

Learning analytics also enable revealing behaviors that may be associated with
lower academic performance, such as logging in the LMS without participating in
activities (Hernandez-Garcia et al., 2015), late submission of assignments or accessing
the different resources only in the last days prior to an exam (Romero et al., 2016).
Students with longer time intervals between accesses to the LMS also have lower grades
(Cocea, 2011).

Nevertheless, the examples above offer overwhelming evidence that learning
analytics has so far focused on the analysis of individual behaviors. However, and
considering that teamwork is an integrated set of individual and group behaviors, the
same principles could apply to the application of learning analytics techniques. A strand
of research has already focused on the application of learning analytics to individual
behaviors in team-based learning (e.g. Fidalgo-Blanco et al., 2015; Conde et al., 2016).
However, because research on learning analytics in teamwork contexts at a group level
is scant or almost non-existent, this study aims to investigate whether LMS log data-
based learning analytics might be suitable for teamwork assessment, and proposes the
following research question:

RQ: Is it possible to predict final team grade in teamwork project-based learning
using log data from a LMS?

In order to do so, it will be necessary to provide a conceptual framework to
determine the different dimensions of teamwork and identify potential indicators of
teamwork behaviors, both at team and individual levels. After establishing the
conceptual the study details the research methodology and empirically tests the

conceptual framework using real data of a course run in a Moodle LMS following the



CTMTC (Comprehensive Training Model of the Teamwork Competence) method (Leris,
Fidalgo, & Sein-Echaluce, 2014). Further, the study presents an overview of the data
extraction process required to obtain teamwork indicators from the traces of
collaborative interactions stored in the LMS log database using data mining techniques
through extraction, transformation and loading (ETL) processes. Finally, the data
analysis is followed by a discussion of results and a presentation of the main conclusions

of the study.

Conceptual framework

Teamwork
Teamwork refers to behavioral patterns emerging from the dynamic interaction

between two or more individuals (Boyatzis, 1982; Stevens & Campion, 1994). Teamwork
involves effort coordination and regular and constant negotiation to reach to an
agreement in order to achieve shared goals. In a teamwork context, goals are
accomplished through knowledge exchanges and problem solving (Hobson et al., 2014;
Villa & Poblete, 2007; Loparev, 2016).

Teamwork is observable when a task is being performed (Hobson et al., 2014;
Gillies, 2007), which implies that teamwork behavioral patterns can be recognized
through observation and can also be differentiated from other group actions. Teamwork
is stable, even though group member changes may alter the degree of success of the
outcomes derived from the teamwork (Prichard et al., 2011). Most important, teamwork
is a cause and predictor of outcomes, given an established behavioral pattern or
interaction model (Loparev, 2016; Robbins & Judge, 2012; Gonzalez-Morales et al.,
2011; Earnest & Landis, 2014).

This study makes a distinction between group teamwork and the individual work
of team members. Even though both share some inputs —goal definition and available
resources—, process —task execution— and outputs —delivered result or outcome
(Mathieu et al., 2008), the main difference lies in interrelation and interdependence:
real teamwork requires that all team members share the goals and objectives.
Interdependence involves interaction between team members, cooperation and social
skills that are not necessary when performing an individual task.

Teamwork is therefore a multidimensional concept, as it includes regular

communication between team members in order to coordinate efforts and monitor



tasks during a period of time, and requires cooperation, idea-sharing and knowledge
exchanges. The former implies that teamwork emerges as a result of different behaviors,
such as communication, coordination, cooperation and monitoring, which are
complementary and observable, and are developed by every team member.
Dimensions of teamwork

There are two different conceptual models of interest for this study: the KSA
(Knowledge, Skills and Attitudes) model (Stevens & Campion, 1994) and the 3C
(Communication, Coordination and Cooperation) model (Fuks et al., 2007), both of
which support the multidimensional definition of teamwork used in this study.

The KSA model proposes that there are two different levels regarding teamwork:
individual or team member individual level —i.e. the tasks that each team member needs
to perform in order to work effectively as part of a team—and team level, which refers
to the tasks that all members should perform to successfully achieve the team goals and
objectives. At an individual level, Stevens and Campion (1994) distinguish four
dimensions: cooperation, monitoring, coordination and responsibility; at a team level,
they identify three dimensions: communication skills, information exchanges and
conflict solving, all of which refer to communication among team members.

While the KSA approaches teamwork in a broad sense, Fuks et al. (2007) propose
their 3C model for online contexts. In the 3C model, there are three necessary requisites
for effective teamwork to happen: communication, in the form of message exchanges
to help negotiation and decision-making; coordination, which refers to the different
mechanisms to manage people, tasks or activities and resources; and cooperation,
which involves the harmonious elaboration of the tasks in a shared space. It is worth
noting that in the 3C model, cooperation becomes a substitutive of collaboration in prior
literature (Ellis, Gibbs & Rein, 1991), which refers to the interrelation of communication,
coordination and joint participation. The 3C model considers that teamwork should not
focus just on the product, but rather on the dynamic process of harmonious knowledge
construction. From this perspective, teamwork is not only defined by achieving a shared
goal through cooperation, but is also the result of social interactions and knowledge
exchanges between team members by means of communication and coordination. An
additional element, present in the KSA and 3C models, is supervision, monitoring or

tracking of the tasks performed and the work done (Delong & Elfring, 2010). This



dimension is highly dependent on the three dimensions of the 3C model, as monitoring
activities are extended along the whole process (Stevens & Campion, 1994) in a regular
way (Ellis, Gibbs & Rein, 1991; Fuks et al., 2007). Monitoring facilitates control over the
state of the project, including pending tasks, and are a reflection of responsibility and
commitment to the team (DeJong & Elfring, 2010).

The multidimensional and interdependent nature of teamwork requires that all
dimensions or behaviors should occur for effective teamwork to happen, even though
the frequency, intensity or duration of each one may vary depending on the stage of the
process. Two of the dimensions are directly visible for all team members and instructors
—communication and cooperation—, while the remaining two are not directly observable.
Communication

Communication, or interaction between team members, initiates every
teamwork process and is present during the whole duration of the process, albeit with
different levels of intensity. In an LMS, message exchanges in the team forum or chat
are the primary evidence of communication (Fuks et al., 2007). Therefore, the main unit
of measurement of communication in LMS should include creation and/or update of
messages posted.

Further, effective communication involves frequent, immediate, lengthy and
timely replies between all participant members (Gillies, 2003). Frequency, measured as
the total number of message exchanged in a period of time —typically, the duration of
the teamwork— (Pargman et al., 2013; Aghae & Hansson, 2013) has a positive relation
with student achievement; in addition, frequent interactions are an indication of an
atmosphere of trust between team members (Shen et al., 2008). Immediacy and
timeliness are related to the idea of reciprocity (Romero & Ventura, 2013; Haya et al.,
2015), which can be measured by observing the average response time to messages
posted by other team members and average response time of replies by other team
members to messages posted by a given team member (Loparev, 2016). Longer
messages generally involve higher levels of elaboration of the discourse, whether the
content of the message focuses on knowledge exchanges, social interaction, team
coordination or conflict solving (Wise, Zhao & Hausknecht, 2013; Romero et al., 2016).
Moreover, message length has a positive relation with student outcomes (Romero,

Lopez, Luna & Ventura, 2013).



Additionally, communication in effective teams must also be persistent. Regular
communication shows that each team member is involved and committed (Haya et al.,
2015). Regularity is related to the distribution of messages during the elaboration of the
teamwork (Fuks et al., 2007). Thus, communications that are limited to just the days
prior to a deliverable due deadline indicate poor teamwork (Mlynarska, Greene &
Cunningham, 2016), and participation during the initial stages —e.g. the first week of the
work—and early communication in the message board have a high predictive relevance
in final outcomes (Jiang et al., 2014; Dawson, Macfadyen & Lockyer, 2009).

Cooperation

Cooperation refers to the collection and combination of contributions of all the
team members in order to complete, in a cohesive and harmonious way, the final
product of the teamwork. The main element of cooperation is then the production of
work. In online spaces, production is strongly linked to interactions in a common
workspace, where members may combine their contributions through additions,
changes and corrections, as part of the collaborative activity (Fuks et al., 2007). The 3C
model limits cooperative interactions to actions that are specific of the collaborative
action, without consideration for other potential interactions that might occur in the

platform.

In an LMS, these cooperative interactions are saved and stored in the different
workspaces —e.g. wiki, glossary, workshop— and are visible to all members (Dingsoyr,
Faegri, Dyba, Haugset, & Lindsjorn, 2016), allowing them to revise the different
contributions and reflect about the process at any time. As a product of this revision and
reflection, team members may propose further changes, accept the contributions or
demand further required information to complete the content (Fuks et al., 2007).
Analogously to the case of communication, the most visible indicators of cooperation
are related to frequency and length of contributions, as well as regularity or consistency,
and timeliness.

Cooperation involves all sharing of knowledge in the workspace (Liu et al., 2011),
and has a positive relation with learning outcomes (Navimipour & Charband, 2016).
Cooperation means working together, and requires constant presence —regularity or

consistency— for effective teamwork to happen (Hung & Zhang, 2008). Furthermore, an



indicator of effective cooperation is timeliness of contributions, including how early
team members start to contribute to the team (Villa & Poblete, 2007), whether the
contributions are shared when needed (Hollenbeck, Beersma & Shouten, 2012) and
whether the tasks are completed in due time and the deliverables are finished before
the deadline. Contrarily, delays in sharing the contributions in the shared workspace
evidence poor time management skills, both at individual and team levels (Klassen et al.,
2010; Levy & Ramim, 2012; You, 2015).

Monitoring/Tracking

Monitoring or tracking of teamwork is defined as the process of observation of
team activities. This observation allows to detect errors and differences of opinion, and
therefore it promotes the generation of suggestions and corrections that act as an
essential feedback element to the rest of the team (Marks, Mathieu & Zaccaro, 2001).
From the definition, monitoring and tracking is also linked to the amount of interactions
in the LMS (DelJong & Elfring, 2010), as the information about observation actions is
stored in the log database. An important distinction between monitoring and tracking
activities is that they do not require additional interactions with the rest of team
members, or at least not in a way that is directly observable, and therefore they are
sometimes referred to as “passive” interactions (Agudo-Peregrina et al., 2014).

A key element in monitoring and tracking behaviors is regularity. For a team to
work effectively, tracking activities should happen during the whole execution of the
work. Monitoring and tracking, especially in online environments, serve as an indication
of revision of, and refection upon the different tasks, changes done and the different
agreements achieved by the team (Gillies & Ashmann, 2007). This revision has a
reflection in the data about passive interactions in terms of time devoted by team
members to read the different messages in the communication —forum, chat— and
cooperation—wiki, workshop, glossary— spaces. It is important that the duration of
observations should ideally be proportional to the quantity of information that team
members have to read (Cocea & Wibelzahl, 2006). That is, if the duration is too short—
difference between the click that gives access to the information and the next action—
or too long —due to timeout—these records would not provide useful information about
monitoring and tracking (Vermeulen, 2014).

Coordination



Coordination of teamwork refers to the level of synchronization of interactions
among team members (Steven & Campion, 1994). A coordinated effort translates to a
constant work pace by all team members (Kozlowski et al., 2016). Coordination links
communication and cooperation by harmonizing and integrating individual efforts to
achieve the team goals (DeJong & Elfring, 2010; Fuks et al., 2007). For instance, message
exchanges that follow the pace of execution of the different tasks are indicative of a
successful completion of the team project (Jiang et al., 2014). Furthermore, the process
of coordination becomes visible when both communication and cooperation —-message
exchanges and evidence of task completion in the shared workspace— happen, as it
shows that the team members are reaching to an agreement (Alonso, 2012). As
coordination is all about integrating individual efforts, it manifests when team work
involves effort by all team members, in terms of time devoted to send messages and
contributions (Delong & Elfring, 2010). That is, coordination needs to take into account
the time devoted by the team and its members to communication and cooperation-
related activities.

Finally, an analogy may be established for the coordination of monitoring and
tracking activities. While students —and instructors— are generally unable to directly
observe monitoring and tracking activities, the individual effort —or time devoted to
monitoring actions—is also stored in the log database, and it is also possible to quantify

that effort.

Method
Sample

The data used for the empirical analysis comprise all the activity of an Operating
Systems course in the year 2016/17. A total of 115 students were enrolled in this
mandatory course of the Bachelor in Computer Science degree, of which 53 (46.1
percent) belonging to 23 different groups got a final grade. The course has an on-hands
approach, and most of the classes entail performing different tasks associated to
management and programming of an operating system in the computer lab. Practice
sessions are complemented with lectures on theoretical foundations of operating
systems. The estimated workload for the course is 6 ECTS (European Credit Transfer

System), equivalent to 150 hours, of which around 22 hours correspond to theory, 30



hours are lab sessions, 8 hours are allocated for office hours and around 100 hours
should be dedicated to individual and group programming work.

The assessment includes four questionnaires of theory and practice (35 percent
of the final grade) and two practical assignments (65 percent of the final grade), of which
the first assignment (or intermediate assignment) accounts for 35 percent of the
practical of the final grade and the second final assignment accounts for the rest. This
research focuses on the results of the final assignment and final group grade awarded
by the two course instructors, and analyzes student activity in the LMS during the whole
course.

The methodology of the course follows the CTMTC methodology (Leris, Fidalgo,
& Sein-Echaluce, 2014), and requires students to work on a project during the whole
course forming teams of three or four members using Moodle LMS. Every team must
adhere to the stages defined in CTMTC —mission and goals, team normative,
responsibility map, planning, implementation, and final outcomes—, using the LMS
message boards for team communication and a team wiki in the LMS to provide
evidence of the work and deliver their solution and final project. After delivery of the
assignment, all students must pass an exam consisting on a simple modification—no
more than 10-15 lines of code—to the solution delivered by the team. Students who pass
the exam get a final grade, or else they receive a final score of zero and do not pass the
course.

Measures

Based on the work by Ruiz-de-Azcdrate et al. (2017), this study proposes 20
team-level indicators of the different dimensions of teamwork, most of which are
average group scores of individual indicators (see Appendix A).

Communication measures include average number of messages exchanged by
the team, standard deviation —divided by the square root of the number of posts to
account for posting activity— of the distribution of communication effort made by the
team members —it gives an approximate idea of whether or not the messages posted by
the different team members are evenly distributed—, average message length, average
posting frequency —number of messages divided by the time available to complete the

project—, average reciprocity —which computes the time spent between replies—, and



average regularity —how evenly spaced in time are the different messages posted by the
team members, while also considering the number of messages posted.

Measures of cooperation include the average number of contributions to the
shared workspace —wiki— by all team members, evenly distribution of contributions
among team members, average contribution length, average regularity —analogous to
the case of communication, but considering wiki-related data—, average team earliness
—time passed between the initial day and the first contribution to the workspace— and
average team delay —time between the last contribution and the final deadline.

Monitoring and tracking measures include the average number of passive
interactions and evenly distribution of observations, average regularity of observation
activities, average tracking time of communication actions, average tracking time of
cooperation actions, and average frequency of monitoring activities.

Coordination indicators consist of the average time devoted to communication,
cooperation and monitoring activities, and the corresponding evenness of distribution
among team members.

The conceptualization of the dependent variable of the study, final team grade,
requires some previous considerations. As mentioned in the conceptual framework,
teamwork behaviors happen at individual and team level. Therefore, it makes sense to
take into account individual-specific and team-global contributions to calculate final
grade. In the context of this study, and following an approach similar to that of other
courses that use CTMTC (e.g. Conde, Colomo-Palacios, Garcia-Pefialvo, & Larrucea,
2017), a learning analytics tool already assists instructors in calculating the individual
contribution to the grade, and therefore the use of indicators of individual teamwork
behaviors would be redundant. Team final grade, however, is based on the instructors’
subjective assessment of the different stages of CTMTC using a rubric; consequently,
two sets of final team grades are available for analysis: group-level scores for each
component/stage of the CTMTC, and single-score final team grade awarded by
instructors. The existence of these two sets of grades facilitates predictive analysis of
final team grade using different statistical procedures, which will be detailed next.

Data collection
Because the data stored in the Moodle database does not directly provide the

indicators used in this study, it was necessary to define an ETL (Extraction,



Transformation and Loading) process, using Rapidminer to define and execute the
different processes. The definition and implementation of the 189 ETL processes
requires to identify the different Moodle modules affected —e.g. team forum and team
wiki identifiers—, as well as the different tables with relevant data about the different
dimensions of teamwork. The total number of log data records is 65.887.
Analysis techniques and statistical procedures

Because of the exploratory nature of this study, and considering the size of the
dataset, we consider different exploratory and predictive statistical procedures in order
to identify relevant predictors of teamwork results. First, it is important to note that not
all indicators belonging to each dimension share common themes, but at the same time
high intercorrelation and multicollinearity might be expected between some indicators.
Therefore, an initial exploratory factor analysis using principal component analysis (PCA)
with Varimax rotation seeks to identify common factors among the indicators belonging
to each of the four dimensions (Figure 1), aiming for variable reduction and to provide
higher understanding of the potential underlying structure of the each set of indicators

included in each dimension (Field, 2013; Hair, Black, Babin & Anderson, 2014).
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Figure 1. Diagram describing the exploratory factor analysis, used as reference for the

subsequent statistical procedures.



Following the exploratory factor analysis, two different regression analyses aim
to identify relevant predictors of final results, using the total final project grade awarded
to the team by the instructor as dependent variable. The multiple regression analyses
aim to predict the dependent variable —final team grade awarded by the instructor—
based on the different indicators of teamwork —independent variables— across all
dimensions. Because high collinearity among some of the indicators is expected, an
initial multiple regression (figure 2a) introduces the factors from the exploratory factor
analysis as independent variables. However, and for confirmatory purposes, the
research also investigates the relations between all indicators and final grade by means
of a second multiple regression analysis (figure 2b) that introduces all the indicators in
sequential steps in the following order: communication, cooperation, monitoring and
coordination. This sequence acknowledges the relevance of indicators from the learning
analytics studies —presented in the conceptual framework— in the case of individual

student log data.
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Figure 2. Diagrams of the multiple regressions, using the factors from the exploratory

factor analysis (left) and team-level indicators of teamwork (right). The enclosed
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Finally, the study proposes the analysis of a Partial Least Squares Structural
Equation Model (PLS-SEM). PLS-SEM is an adequate prediction-oriented method for
exploratory purposes (Hair, Hult, Ringle & Sarstedt, 2016). PLS-SEM facilitates
exploration of the relationships between different latent variables or constructs, which
are measured by manifest variables or indicators as composite variables. Thus, the
analysis technique fits the purpose of this study. Further, PLS-SEM makes it possible to
analyze hierarchical component models, in case higher order constructs are included in
the model. The proposed research model consists of four endogenous latent variables,
each corresponding to one dimension, and one exogenous variable, final team grade. In
this case, in order to better characterize the endogenous variable and given that the
final team grade awarded by the instructors comprises different components of
teamwork following the CTMTC rubric (Conde et al.,, 2017), these components are

included as indicators (Figure 3).
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First, the PCA returns three different factors in the communication dimension,
accounting for 86.9 percent of the variance (Table 2 in Appendix B). The first factor
(CmF01) groups team message exchanges, length and frequency of posting, thus
accounting for frequency and depth of message exchanges; the second factor (CmF02)
measures even or uneven distribution of posting, and the third factor (CmF03) measures
reciprocity. Regularity spreads with medium loadings along factors 1 and 2, and will be
excluded from the regression. The second PCA, cooperation, also differentiates three
different factors accounting for 81.7 percent of the variance (Table 3 in Appendix B). The
first factor (CpFO1) groups distribution of contributions and team earliness, the second
factor (CpF02) groups number and length of contributions —i.e. frequency and depth—,
and the third factor (CpF03) groups team delay and regularity. This result suggests that
how soon students begin to cooperate in the shared workspace is related with how even
is the workload shared among them (CpF01), in what could be labeled as promptness to
cooperate, and that non-regular contributions are associated with how close to the
deadline they deliver their work —with less regularly cooperating teams having more
“last-minute” issues. The third PCA returns four factors accounting for 83.6 percent of
the variance (Table 4 in Appendix B). However, the resulting factors, except for
coordination of communication interactions (CrF03), mix different interactions and are
not easy to explain. Because coordination is tightly connected to the other three
dimensions, we shall proceed with caution and exclude these factors from the analysis.
This result will be discussed later on. Finally, from the fourth PCA, monitoring/tracking,
unveils two different factors accounting for 68.3 percent of the variance (Table 5 in
Appendix B). The first one (TrFO1) groups total number of observations, regularity,
duration of monitoring/tracking forum interactions and frequency of monitoring, with
observations and frequency having a perfect correlation, as expected by observing the
definition; the second factor (TrF02) groups distribution of monitoring activities within
the team and duration and monitoring of cooperative actions in the shared workspace.
Based on the results of the PCA, Figure 4 depicts the procedure for the multiple

regression analyses.
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Figure 2. Diagrams of the multiple regressions, using the factors from the exploratory

factor analysis after exclusion of coordination (left) and team-level indicators of
teamwork (right). The enclosed numbers indicate the order of introduction when using

blockwise entry multiple regression.

Multiple Regression Analysis

The regression analysis using both backward and forward stepwise regression
with entry/deletion threshold of p<0.05 yield the same results (Table 6 in Appendix B),
with only TrFO1 significantly predicting final result (bo=6.25; B=1.364, Beta=0.632,
p=0.001; R?=0.40, Adj. R?=0.371). The total variance explained is similar to that of the
model using forced introduction of variables. This result emphasizes the relevance of
monitoring/tracking activities, especially those related to number, frequency and length
of observation interactions —i.e. passive interactions.

The second regression, using blockwise entry, yields number of team messages
exchanged as the only relevant predictor (bo=4.88; B=0.112; Beta=0.561, p=0.005;
R2=0.315, Adj. R>=0.283; Table 7 in Appendix B). This result is consistent with prior
studies at individual levels, suggesting that the more messages a team exchanges, the

better their results.



Partial Least Squares Structural Equation Model

The PLS-SEM analysis follows the different steps proposed by Hair et al. (2016).
Upon the results from the exploratory factor analysis, and considering the nature of the
factors that emerged, two alternative models are proposed: the first considers the
endogenous constructs defined as formative in Mode A, allowing for correlations
between their respective indicators (following Figure 3), whereas the second uses
second order constructs for each dimension based on the factors identified in the PCA
(Figure 5). For the latter, the repeated indicators approach (Becker, Klein, & Wetzels,

2012) has been followed.
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Figure 5. Alternative Partial Least Squares (PLS-SEM) Structural Model using the factors
from the exploratory factor analysis.

PLS-SEM analysis follows a series of steps, including measurement model
assessment —which evaluates the reliability and validity of the latent variable measures—
and structural model assessment —which evaluates the relationships between the latent
variables, as well as the model’s predictive capability. In the following, and due to space

limitations, only the main results of the PLS-SEM analysis are provided.



The first analysis (Figure 3), after item depuration, reveals high multicollinearity
issues among constructs and no significant paths, suggesting the inadequacy of the
model. The second analysis (Figure 5), after item depuration, reveals no effect of
cooperation in the final result, non-significant paths between CmF02, CmFO3 and
Communication, and non-significant path between TrF02 and monitoring/tracking. In
other words, CmFO1 and TrFO1 largely explain communication and monitoring/tracking
behaviors, respectively. In addition, the results show high collinearity between CmFO1
and TrF01, suggesting that both posting and post-monitoring behaviors reflect just one
behavior in teamwork contexts. Based on the initial exploratory results, a final model is
proposed (Figure 6). This simple model considers a single latent variable consisting of
CmO01, Tr02 and Tr03 —that is, number of team message exchanges, tracking regularity
and forum tracking duration. The final model has a path coefficient of B=0.683 (f>=0.877,
large effect), and R?=0.467, Adj. R?=0.442. A blindfolding procedure with a distance

omission of 7 confirms predictive relevance of the model (Q%>0).
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Figure 6. Final model.

Conclusion

The application of LMS log data-based learning analytics has focused primarily
on the definition of predictors of individual student outcomes or academic performance.
While this approach is necessary in order to make further advances in prediction
techniques to model early-warning systems or give precise and informative feedback to
both learners and instructors, it might not be so useful in collaborative learning
scenarios, such as teamwork project-based learning. The possibility to explore, use and
take advantage of learning analytics techniques in collaborative spaces has therefore
been neglected by academic research so far.

From a theoretical perspective, this research pioneers the study of team-specific
indicators based on LMS log data. Given the exploratory nature of this study, the results

just offer a glimpse of which indicators might better reflect effective teamwork



behaviors by observing LMS data. The study’s theory-based proposal of indicators is
promising and opens a new path for further research on this topic. Predictive power
aside, the visualization of the different indicators presented in this study might greatly
help learners and instructors to continuously and accurately supervise the current state
of the work done by a team. For instance, an adequate visualization of evenness of
communication exchanges, contributions and monitoring activities may be of great help
to identify unbalance in the distribution of effort among team members in
communication, cooperation or monitoring-related tasks.

An additional theoretical contribution of the study for future research is the
difficulty to easily conceptualize and integrate the dimension of coordination in such a
multi-dimensional approach. The main difficulty, as the analysis confirmed, lies mainly
on two considerations: first, the tight relation with the other three dimensions, which
might complicate statistical analysis due to confounding variables; second, the idea of
synchronization, inherent to the concept of coordination, is quite difficult to translate
to the digital context of LMS, where collaborative learning relies heavily on the
asynchronous capabilities of online learning.

From a practical perspective, the results suggest that communication spaces are
still the most critical environment where teamwork happens, confirming previous
results in individual-centered applications of learning analytics techniques showing that
students who participate the most obtain better academic results. However, the results
also suggest that passive interactions —i.e. those that are not visible for students and
teachers, related to monitoring and tracking behaviors— may play a more important role
than that of individual behaviors. From the results, an effective team not only
communicates regularly, but its members also regularly monitor communication
exchanges, in order to improve coordination. This finding may establish a big depart
from individual student-centered studies, where the importance of passive interactions
cannot compare to active behaviors, such as posting (Agudo-Peregrina et al., 2014).

Surprisingly, cooperative actions —i.e. contributions to the shared workspace—do
not seem to have predictive power over final results. After close inspection of the
dataset, the reason behind this finding might be that the different teams delegated the
responsibility of adding or editing the contributions to the wiki to one single member,

who acted as representative of the team. CTMTC encourages that team members reflect



their work in the wiki, but it does not specify whether one person or all team members
should take charge of editing the wiki. Instead, the different content added to the wiki
seems to be discussed and agreed in the message boards, and ultimately uploaded to
the wiki once an agreement has been reached. Therefore, only a change in the method
that could transform the collaborative space into a living and up-to-date state of the
work, including content edition by all team members, might be observable through LMS
data logs.

The study is not exempt from limitations. First, the most obvious is the sample
size. Even though the number of data points used to elaborate the team indicators is
quite large, comprising more than sixty-five thousand records, the number of students
and groups is relatively small, and the results might prove context-specific. Therefore,
confirmatory analyses with larger data sets are required to confirm the findings of this
research. Finally, the analysis uses exploratory and predictive techniques for theory
building —exploratory factor analysis and regression-based methods, such as multiple
linear regression and PLS-SEM. It might be worth exploring how additional methods
used in educational data mining —e.g. classification— compare to the methods used in
this study.

As a final remark, the elaboration of teamwork indicators at a team level required
computation of teamwork indicators at individual level. Because individual grading was
already done in the course with the help of different analysis techniques with predefined
rubrics, it was not considered appropriate to analyze the correspondence between final
individual grade in the teamwork and teamwork indicators at individual level. However,
the adequacy of indicators of teamwork at individual level may be worth exploring
further when applied to other courses.
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