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Abstract. There is a growing interest in how data generated in learning
platforms, especially the interaction data, can be used to improve teach-
ing and learning. Social network analysis and machine learning methods
take advantage of network topology to detect relational patterns and
model interaction behaviors. Specifically, small induced subgraphs called
graphlets, provide an efficient topological description of the way each
node is embedded in the meso-scale structure of a network. Here we pro-
pose to detect the roles occupied by the different participants, students
and teachers, in the successive phases of courses modeled by a sequence
of static snapshots. The detected positions, obtained thanks to graphlet
enumeration combined with a clustering method, reveal the different
roles observed in each snapshot. We also track the role changes through
the overall sequence of snapshots. We apply our method to the Sqily
platform and describe the mutual skill validation process. The detected
roles, the transitions between roles and a overall visualization through
Sankey diagrams help interpreting the course dynamics. We found that
some roles act like necessary steps to engage students within an active
exchange process with their classmates.

Keywords: temporal networks, social interactions, motifs, graphlets,
learning analytics, role detection

1 Introduction

Networks provide a framework for studying complex systems in a broad set of
fields, ranging from biology, telecommunication to social networks and e-learning.
Actors and their relationships are modeled as graphs, where edges represent
friendship or any kind of interaction. For example in the field of e-learning, as
it is now well accepted that a student’s collaboration [7] is central for facili-
tating the learning process, learning platforms propose discussion forums and
social networking facilities [6], and teachers are encouraged to design pedagogi-
cal activities involving interactions between learners. Social Learning Analytics
[9] denotes a growing interest in managing interaction data, in order to improve



2 Raphaël Charbey et al.

teaching and learning, to assist educational institutions in increasing student
retention and improving student success.

Network properties such as density, centrality, and degrees are very helpful
for understanding the structure of a peer network, e.g. how students engage in
learning and performance, both as individuals and as groups [22]. But detect-
ing and interpreting patterns of exchanges that occur between the students is
another step to understand the dynamics and identify or predict problematic
situations. Understanding these patterns will help us understanding the course
organisation and the role of each individual within the overall organisation.

The patterns of exchanges are likely to be detected through induced sub-
graph enumeration, that offers a competitive as well as an intuitive insight of
the meso-scale structure of networks and allows for characterizing them rela-
tively from one another. The induced subgraphs, also known a graphlets, also
provide a native role detection support since nodes can be characterized by their
positions in the graphlets. By studying the node roles in the successive phases of
a temporal network, which can be modeled by a sequence of static graphs, one
can understand their evolution and the way they transit from a role to another.

Contributions In this article, we provide a methodology for describing in-
teraction networks in a dynamic way at node level. We first show how to find
graphlets in static networks. We then consider the problem of role detection. The
position of a node in a graphlet describes the place it occupies in its neighbor-
hood. We use a graphlet-based node embedding method which explicitly counts
its different positions occupied in interaction schemes involving 3 nodes. Then
we provide a data-driven way to build interaction profiles as a combination of
positions representing the different role specific to the considered network.

In temporal networks, nodes are involved in different graphlets, and therefore
roles, as time goes by. We discretize time by converting temporal information on
edges, i.e. the timestamp when the interactions occurred, into a sequence of static
networks called snapshots. By assigning roles to nodes during each snapshot, our
analytical approach explores how they move from one role to another. Finally
we propose a longitudinal visualization, with Sankey diagrams, of the transitions
from one role to another throughout the life of a temporal network.

We apply this methodology to e-learning data from the Sqily platform dedi-
cated to the mutual validation of skills. We thus illustrate how interaction pat-
terns (based on the validation of skills) can make it possible to associate roles
with learner behaviors. Static and dynamic analyses of these roles thus provide
students and teachers with useful insights.

2 Related work

Networks and learning analytics Social network analysis (SNA) has proven
extremely powerful at describing and analysing network behaviors in e-learning.
A systematic review of the literature on SNA in this field [4] covers more than
30 studies which analyze interaction patterns in forums and where centrality
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and density measures are mostly used. For example, in [26], low or high in- or
out-degree centrality scores exhibit popular students who provide comments to
others, who are reflectors and good communicators in the learning process or
play knowledge broker’s roles. Let us note that most of these studies deal with
very small graphs (only a few dozen nodes).

The visualization of networks is an approach to explain the nature of com-
munity dynamics. KISSME is an example of an interactive visualization tool of
content-aware interactions among learners [27]. Behavioral links (contributions
such as “reply”, “reference” and “annotate”) can be overlaid on the learner-time
display to show how patterns of interaction change over time.

Motifs in temporal networks While dealing with large complex networks,
one might need automatic ways to count and detect relevant, sometimes non ob-
vious, behaviors. This is included in the scope of application of subgraph pattern
detection in networks [12, 20]. In temporal networks, there is the constraint that
edges have a timestamp, and the graphlets sought are induced subgraphs oc-
curring in a wider network structure during specified time windows, with nodes
interacting in an ordered sequence [13, 16]. When looking for motifs, we are inter-
ested in how many times each pattern occurs. An efficient counting of temporal
graphlets is proposed in [21], along with a framework to compare the structure
of several complex systems, e.g. they show that email exchanges and Facebook
wall posts do not involve the same motifs and therefore reveal different commu-
nication behaviors.

In this work we are not interested in the sequences of interactions and tem-
poral motifs, but more in the static motifs we observe at different phases of a
teaching. instantiated in the learning analytics field, our goal is to understand
with whom learners interact, and the evolution of their position in the group at
different times during a course.

Subgraph enumeration and nodes embedding If we discretize time and
study interactions on successive snapshots, i.e. successive static graphs that are
the result of an aggregation of interactions occurring during specified time win-
dows [1, 8], the detection of motifs then consists in searching for static patterns
within these snapshots. Hulovatyy et al. have introduced patterns that cover
several consecutive snapshots and the persistence of edges through time [14].
Braha and Bar-Yam have enumerated the subgraphs of consecutive networks as
if they were static ones [3] which is the strategy we adopt since the nodes we are
dealing with are not always active in consecutive snapshots.

Graphlets are very useful to exhaustively list interaction patterns through, for
example, a systematic enumeration of all possible subgraphs of a chosen size. A
network may be characterized by a vector composed of the relative frequency of
each graphlet, the ratio between its number of appearances and the total number
of graphlets in the network [23]. Another possible vector is based on the graphlet
representativity, that is the ratio between its relative frequency within a network
and its relative frequency within a set of networks [5]. Moreover they allow for
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easy interpretation of the results. They also can be used as an embedding method
to model nodes’ neighborhood [19, 11]. By enumerating the positions (or orbits)
in which nodes appear, the graphlets offer a way to compare their topological
similarity.

3 Method

We define a temporal oriented graph G = (V,E) in which each edge (u, v, ts)
means that the user u ∈ V interacts with the user v ∈ V at time ts. We discretize
time by converting temporal information into a sequence of T snapshots. The
interactions that occur during the period of each snapshot are aggregated leading
to a set of T graphs {G1, . . . , GT } where Gt is the directed graph representing
the interactions between active nodes that occurred within the t-th time slice.

The first step of our proposal is to enumerate the different possible graphlets
of size k and then search for them in the static graphs Gt. The second step is to
compute position-based embeddings for the nodes in each Gt relatively to their
positions within the different graphlets. Finally, a clustering step over the nodes
vectors produce complex interaction profiles, mixing positions and exhibiting
roles as distributions of frequencies of positions in graphlets.

Size k graphlet enumeration consists on visiting every possible combination
of k nodes such that the subgraph induced by these nodes (the nodes themselves
and all edges between them) is connected. Each of these subgraphs is then iden-
tified as isomorphic to one of the graphlets and the relative enumeration counter
is incremented. The list of size-3 directed graphlets is presented in Figure 1.

Fig. 1. The 13 directed graphlets of size three and their respective positions depicted
by shades of grey. In each graphlet, the nodes with the same colour are in the same
position.

Every position is interesting to observe. Intuitively, appearing in the central

or peripheral orbit of the star does not correspond to the same role,
even though the graphlet is the same.

As our goal is to describe the different positions that nodes occupy over time,
and in order to build snapshots that will lead to the role dynamics, we focus on
the temporal separation between two events as a referee for time discretization.
We consider that a time window δ without any interaction is the marker of a
break in the network dynamics which would result in an other organization.
Each snapshot Gt therefore corresponds to a sequence of events so that two
consecutive events are separated with less than δ.
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On each snapshot, we enumerate the positions of each of their nodes using
Fanmod process [28]. Then comes the step of nodes embedding. For each node in
each snapshot, we compute the frequency of each of its positions as follows: the
frequency of a vertex v in a position p is the ratio of the number of appearances of
v in p with the total number of appearances of v in any position. This embedding
is an adaptation of a popular graphlet-based network embedding [23] to the
position level.

The set of position-based vectors are the exhaustive list of the different dis-
tributions of positions held by nodes, compiling the exhaustive set of behaviors
detected at the different periods of the lifetime of the current temporal network.
By applying the kMeans algorithm [17, 18] to these vectors, we obtain clusters
of similar distributions of positions. The clustering produced by this algorithm
is dependent on its initialization step and the number of clusters k that is given
as a parameter. Therefore we run the algorithm a hundred times for each value
of k between 1 and 20 and kept the best result in term of the silhouette score
[24].

The resulting clusters define sets of nodes whose embeddings are similar.
In our mutual validation course case-study, a user’s embedding describes how
s/he collaborate with others, by validating or being validated, and by whom.
Through the experiment detailed in the next section, we will illustrate the power
of expressiveness of positions in graphlets.

4 Case study from the Sqily platform

This case study focuses on interactions on the Sqily3 learning platform, whose
particularity is to promote the mutual validation of skills. We first show how we
constructed a dataset from the available information on the mutual validation of
skills, then we present the topological roles extracted by our method by linking
them to the corresponding student behaviors. Finally, we conduct a longitudi-
nal study that highlights the value of these roles in exploring the dynamics of
interactions.

4.1 Mutual validation of skills

In this context we use the term skills in the broad sense, i.e. knowledge, capaci-
ties, know-how and professional skills. The principle of mutual validation of skills
is to encourage the learner to adopt a reflective approach: s/he must mobilize
her/his newly acquired skills in order to explain them and help other students
acquiring them. The learner thus puts herself/himself in the role traditionally
assigned to the teacher and deepens her/his skills.

The mutual validation of skills has two inspirations: mutual teaching [10] (ver-
balizing knowledge, exchanging with peers, improving understanding through
repetition) and knowledge trees [2] (graphic representation of competencies,

3 http://www.sqily.com
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knowledge management, valuing expertise). According to these principles, the
Sqily platform:

– allows to define a tree of skills,
– allows students who master a skill to create assessments and validate skills

of others students.

4.2 Dataset description

In this case study we analyze the behavior of students and teachers in terms of
skills validation. Each course is modeled as a graph G; edges (u, v, ts) represent
mutual skill validations where the user u validates one skill of the user v at time
ts.

Our dataset is comprised of 11 courses that have an average of 58 students.
There is a strong involvement in mutual validation: 30% of the skills were cre-
ated by students and 70% of the evaluations were done through peer-reviewing.
However, students validated only 40% of the skills for which they started the
activity sequence.

We arbitrarily set the size of the separating window between two snapshots at
15 days (parameter δ). It generated a total of 64 graphs distributed differently
over the courses: they are divided in at least 1 and up to 19 phases, with an
average of 3.6 phases. The phases last at least 1 day and up to 103 days, with
a mean of 32 days. The snapshots have an average of 21 vertices and 60 edges
but they are also very heterogeneous with a minimum of 3 vertices and 2 edges
and a maximum of 102 vertices and 370 edges.

4.3 Role characterization

The topological framework based on position enumeration led us to obtain roles,
which positions frequencies are summarized in Table 1. We describe these roles
by characterizing them with variables that were not used to define them: the
proportion of teachers/students (see Table 2), the student peer-reviewed rate
(average rate of evaluations made by peer students) and the commitment level
(rank of skill acquisition in the course) (see Table 2). We present the roles ob-
tained in two sets: the first includes the roles most involved in validating the
skills of other learners, while the second includes roles concerned about getting
validated.

Assessor oriented roles

– Expert The Expert has mastered a skill and validates a large number of
other learners. These learners generally are validated by the Expert alone.
This role mainly brings together teachers and learners who will embody the
role of the teacher in one or more skills. It mainly corresponds to an assessor’s
behavior: 87% of its positions are the source of the edges. Moreover, they
are those with the lowest skill acquisition rank, which highlights their early
involvement in courses.
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Table 1. Roles description: Frequencies of positions within graphlets (multiplied per
100). The four left positions reflect active validation, the 3 positions in the middle of
the table are intermediate ones, whereas the 4 ones on the right of the table repre-
sent passive postures in the validation process. The roles are also classified verticaly,
depending on their ratio of teachers.

Assessor’s positions Mixed positions Assessee’s positions

Peer Assessed Learner (Late) 1 2 27 54 11 1

Expert Assessed Learner 1 1 91 4 1 1

Peer Assessed Learner 1 2 4 5 1 60 16 7 2

Proxy Teacher 17 19 4 54 2

Committed Learner 18 13 1 11 14 2 22 5 3 1

Expert 64 11 5 7 5 1 3 1

Table 2. The left side of the table presents the distribution of roles among all courses
according to student or teacher status. The right side characterizes them upon their
commitment to the mutual validation of skills. Student peer-reviewed rate is the average
rate of evaluations made by students. Skill acquisition rank orders the learners of a
course in a normalized way (between 0 and 1).

Students Teachers
Student-reviewed

rate (mean)
Skill acquisition
rank (median)

Expert 14 40 0.46 0.27

Proxy Teacher 44 3 0 0.45

Committed Learner 146 19 0.75 0.40

Expert Assessed Learner 239 1 0.34 0.43

Peer Assessed Learner 248 4 0.79 0.53

Peer Assessed Learner (Late) 39 0 0.94 0.74

– Proxy Teacher While holding the Proxy Teacher role, a user (mostly a
student) focuses exclusively on validating the skills of her/his peers. The
positions are concentrated on assessor’s ones, with a majority of co-validation
with another assessor (the Experts are conversely the only assessor most of
the times). While being themselves validated, the users in this role never ask
for peer-validation, which is consistent with their early involvement in the
courses (like the Experts).

– Committed Learner The Committed Learner is balanced in her/his ap-
proach to mutual validation of competence: s/he quickly validates her/his
skills (0.40 skill acquisition rank) and adopts a reflective approach over the
same period by validating other learners. It is the second role with the high-
est number of teachers but also one of the most demanding in terms of
student-review.
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Assessee oriented roles

– Expert Assessed Learner The Expert Assessed Learner is focused on
getting assessed, and relies almost exclusively on an Expert. Indeed, 91%

of their positions are in the target of the star and they have a low
student-reviewed rate (0.34). This role is played by students (all occurrences
but one) who obtain their skills rather quickly (0.43 skill acquisition rank)
which may indicate that they have had no choice but to ask their teacher
for validation.

– Peer Assessed Learner The Peer Assessed Learner is mainly focused on
receiving validation of her/his skills and relies mainly on students to do so.

S/He’s mostly validated within the star pattern , but also appears in

and . This role is played by students (248 over 252) who acquire
their skills more slowly (0.53 skill acquisition rank) than Expert Assessed
Learners.

– Peer Assessed Learner (Late) This role includes a sub-category of Peer
Assessed Learners who validate their skills later relatively to others. Their
positions are distributed among the assessee’s positions with a high rate of

(transitively validated). These students are the last ones to validate skills
(0.74 skill acquisition rank), which allows their validators (94% of students)
to validate some skills before proposing their own assessments.

This topological description, combined with behavioral indicators, highlights
the variety of roles taken by students and teachers throughout a course. These
roles make it possible to suggest several hypotheses about learners’ behavior.
To do so, it is interesting to investigate the changes in roles during the different
phases of the course. Therefore we provide a longitudinal study through a Sankey
diagram, a visualization tool allowing to describe node flows between different
steps [15].

4.4 Examples of a course’s dynamics

Figure 2 depicts the evolution of roles (each color line) within the phases (each
vertical line) of one of the courses. It is interesting to note that the course
begins with a first phase where the teacher, in Expert role, validates skills to
some Expert Assessed Learners. In a second phase, more students arrive. They
occupy all different roles and many Expert Assessed Learners from the first phase
are now acting as Experts and Committed Learners.

We also may focus on some specific phases, for instance phases 9 et 10, whose
networks G9 and G10 are showed in Figure 2. In phase 9, that lasts 10 days, a

student, user 54, is acting as an Expert, i.e. as a source of many stars ,
since he or she is the only assessor of several other students. The teacher, user 5,
appears as a Committed Learner since s/he shares a lot of co-assessor’s positions

(all the students s/he validated are co-validated by other users) and in the

first position of the transitivity subgraph with user 54 next to him .
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Fig. 2. The Sankey diagram representing the evolution of roles through the 14 phases
of the course and the networks representing the validations that occurred during phases
9 and 10. Edge width depicts the number of validations (not taken into account in our
measures).

Phase 10 arrives 35 days after phase 9 and lasts 11 days. As the teacher
got a central position, s/he also occupies the Expert role again. Meanwhile,
phase 9’s very active user 54 has disappeared. Two students, 55 and 390, act
as Proxy Teachers since they appear in the central position of star and in the
co-assessor’s position. Note that between the two phases, most of the students
that were considered as Peer Assessed Learners have moved to Proxy Teachers,
and are then validating their classmates.

4.5 Overall role evolution

In a complementary way, we finally consider the overall transitions between
roles. For each user u, we filter the snapshots Gt where u is active. From the
roles occupied by u in each of these graphs, we get a sequence of roles. For each
user, we can thus compute the number of times he or she passes from a role to
another.

The overall role transition, depicted in Figure 3. A first remark is that most
of the roles are somehow flexible even though most of the students seem to os-
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Fig. 3. Percentage of evolution from one role to another

cillate between roles Expert Assessed Learner and Peer Assessed Learner, which
mainly differ from their propensity to be validated by the teacher. Note how-
ever that these roles also partly lead to the more active ones—Proxy Teacher
and Committed Learner. Thus following the evolution of these roles could be a
deeper insight.

Let us notice that the role Expert Assessed Learner seems to be a sink for
other student roles: more than 50% of the Expert Assessed Learners (Late or
not) and the Peer Assessed ones become Expert Assessed Learners in the next
phase. In the meanwhile, as said before, this role is not trapping the students in
an posture of being evaluated by a teacher and leads also to assessor’s positions.
Its central position in the transition table invites for further investigations.

Concerning the assessors, it is notable that the occupiers of roles Expert and
Committed Learners flow to every other roles except for the Expert Assessed
Learner (Late) who are the last to validate their skills. Here it could be interesting
to separate the students from the teachers in order to see if the latter ones are
even more strictly confined to assessor’s positions (and which ones), or conversely
if teachers sometimes become assesses.
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5 Conclusion

We have introduced a methodology to detect roles in temporal networks. We have
proposed a general framework for the development of a position-based embedding
of nodes in snapshots. Thus a sequence of embedding reflects the evolution of
topological roles that nodes occupy at different stages of an interaction network.
We have illustrated this methodology on a case study based on the learning
analytics field and demonstrated the power of expressiveness of graphlets and
position-based embeddings.

Our work opens a number of avenues for additional research. Within a course,
the teacher may authorize the self-assessment of skills. Enumerating graphlets
with loops would reveal the influence of self-evaluation on the peer review mech-
anism. Within a curriculum it could be interesting to observe the evolution of
a student’s behaviour, and especially to use graphlets for the early detection of
drop-out risk, which is a particularly important subject in the field of learning
analytics that we have not yet addressed.

Another follow-up is the use of another kind of graphlets to track role through
snapshots in order to compare the results. These graphlets could be size-4
graphlets, others graphlets from literature [14] or disconnected graphlets [25],
for instance. Another possible approach would be to focus on position transi-
tions to characterize the role of each user through time.
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