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Abstract— Learning activities in social networks and e-learning platforms bring massive activity log in the database, making it
challenging to measure students’ performance. Data mining technique and social network analysis provide some benefits in the field
of education in discovering knowledge from hidden information of student’s activities on e-learning and social network environment.
This study aims to identify dominant students on social network group based on centrality values and to analyze log data from the
activities on e-learning using process mining technique. Centrality value was measured by analyzing data quality or data pre-
processing, creating the network, measuring the network, and highlighting degrees and layouts. The process mining technique
included data pre-processing, discovering process, and conformance checking. This study found that dominant students were
identified from a high hub score and authority. This study also found a free-rider student. The presence of dominant students and
free-riders made the collaboration of social network group are weak. This study also found that student performance on e-learning
has been discovered where the student’s activity, namely, the course module viewed and course viewed, were more frequent than
other activities. On the other hand, an optimum fitness value was obtained, i.e., 0.94 on all the processes of e-learning. This study
provides insights that can be used to improve student collaboration and to enhance online learning activities.

Keywords— activity log; e-learning; performance; process mining; social network.

employs graph theory [11]. In this context, SNA aims to
I. INTRODUCTION study the pattern of social collaboration among users in
education, including student, teacher, or educational
r{'nstitution, through structural analysis that reflects the
Inetwork rather than an attribute or actor property [12]. While
e-learning is a tool for conducting distance education [13], it
allows students to work in e-learning platforms that produce
log data in the database. Log data analysis in the e-learning
latform is one way to transform the raw data into strategic
nowledge [14].

Log analysis of activities on social networks aims to study
patterns of social relations between actors in the context of
education in students, teachers, or institutions through
structural analysis that reflects the network rather than the
attributes or properties of actors [15]. The use of social
networks in collaboration often creates problems so that
other students do not contribute equally. Therefore,
'tdentifying problems in student collaboration becomes an
ssential part so students can achieve common goals.
tudents are identified using a measurement of the degree of
centrality. The degree of centrality is obtained by two
approaches, global and local methods. The global method

Program for International Student Assessment (PISA)
2015 reports that the performance of Indonesian students i
the fields of science, mathematics, and reading skills is stil
far below the average, which ranked the™6@ut of 70
countries [1]. Smart students who have outstanding
achievements and who are literate in using technology in
education are the most crucial part of education developmen
[2]-[4]. Simultaneously, 99% of higher education
institutions in some countries, including the United States,
have implemented e-learning [5]. They do implement not
only e-learning platforms but also learning technology tools
involving social networking or Social Network-based
learning (SN-Learning) [6].

Learning activity which involves social networks and the
e-learning produces a massive volume of activity log in the
database. These activities log can be utilized as the strategi
knowledge to understand student performance [5]. Student®
performance can be analyzed based on data [2], socia
network analysis [7]-[9], and activity log analysis [10].
Social network analysis (SNA) is a structural analysis that
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emphasizes all aspects of actor interaction (betweennes3ypes of model analysis are statistics, predictions, or data
centrality), while the local method focuses on the position of mining models that empirically come from data using
the actor (degree centrality) [16]. statistical methods that are generally accepted. The work to
Log analysis of activities in e-learning is one of the produce functional models requires several analytical
processes of transforming data lines into strategic knowledgestrategies, namely, data quality analysis, descriptive,
that can be followed up to gain insight into business diagnostic, predictive, and prescriptive [23], [24].
processes [17]. One of the objectives of activity log analysis Data quality analysis is an effort to obtain data quality by
is conformance checking to obtain strategic knowledge usesmeasuring objectively [25]. Failure to produce good quality
the ProM Framework to obtain knowledge from the activity data at the pre-processing stage will significantly reduce the
log. The latest algorithm in the ProM Framework is accuracy of each data analysis job. There are four core
Inductive Miner or IM [18]. dimensions of data quality, such as data completeness, data
The use of e-learning and social network in learning suitability, data validity, and data accuracy. Data quality
activity has some limitations that can trigger problems. analysis was used in this study before carrying out the stages
Some students might dominate the group, while other of descriptive, diagnostic, and predictive analysis [26].
students do not have the opportunity to contribute. While log The descriptive analysis produces simple standard or
data in e-learning has an enormous volume, it requiresperiodic business reporting, ad-hoc or on-demand reporting,
special techniques to obtain knowledge and data about theand dynamic or interactive reporting. Furthermore,
behavior of students regarding their learning activities. One descriptive analysis is used to look at current and previous
way to identify students’ activity in social networks is by organizational ¢ analysis is the science of identifying things
using the degree centrality measurement [16], and analyzinghat happened in the past or that are happening now.
student activities log on e-learning using process mining The diagnostic analysis includes understanding the impact
technique [19]. This study has two objectives (1) identifying of input factors and operational policies. In this section, two
students dominating the social network group using types of approaches are carried out in diagnostic, namely log
centrality values, (2) analyzing student performance in e- activity analysis on social networks and e-learning [23].

learning using process mining technique.
g gp g a D. Centrality Value

Il. MATERIALS AND METHOD The first objective of this study is to identify students who
dominated the social network using the centrality value. The
A. Place, Data, and Tools stages of calculating centrality value include analyzing data

The data of this study were collected from social network quality or data pre-processing, creating the network,
groups, e-learning, and the grade of Applied Data Mining measuring the network, and highlighting degrees and layouts.
course offered to postgraduate students on ComputerStudent's conversation on WhatsApp is presented in three
Science IPB University. The data consisted of studentcolumns. The first column stores the conversation date, the
activities log on social networks (WhatsApp) and e-learning second column represents studgntand the third column
in the even semester of the 2017/2018 academic year. represents the studepas the interaction with the student.

, ) After data pre-processing, a network was created using
B. Student's Analysis the R with the i-graph package, a library for network

The main objective of learning analysis is to understand analysis. There are two principal arguments for creating a
and improve student learning and educational institutions network with Igraph, namely data frame and directed value.
[20]. Various analytical techniques have been used toFrame data contain a list of symbolic edges stored in two
determine student performance, such as e-learning analysissolumns. The directed argument contains Boolean values
data analysis, and social network analysis [21]. Generating(true or false) to make the directed graph. If the value is false,
predictive models is the main objective of various analytical a non-directed graph is formed.
techniques that are generally used for classifying student Network measurement is denoted as the graph
performance. Explained that building prediction models (V,E), where V is a vertex (student), and E (edge) is the
have tasks such as classification, regression, category, andonnector betwees; students who interact witiystudents
the most commonly used is predicting students with by applying the degree function [8[he degree of a vertex
classification [22]. is a structural property that is divided into three types; out-
C. Modeling Analysis degree (hub), in-o!e_gree (authority), and aII-dengethis_

) T ) ~ case, each studenin the network has two non-negative

Learning analysis is a particular branch of academic gcores, namely authority score and hub score.
analysis that focuses on collecting data produced by students The HITS algorithm calculated the authority score and

and using predictive models. The main objective of learning hyh score of the students in the basd astfollows [17]:
analysis is to understand and improve student learning and ., gqr every student, € |, a; andh; are initialized to 1.

educational institutions. The fundamental goal in the field of |, Repeat the following calculation unt; and h; of
Educational Data Mining (EDM) is to model students. There every studenit € | do not change further

are four paradigms of computational models for analyzing g, every studenite I,

data such as statistical, Artificial Intelligence (Al), temporal,

and Machine Learning [20].
The function of analysis, in general, is to make a model a; = Z hl-r, h; = Z a; (1)

analysis, infrastructure analysis, and operational analysis. ieo Ter
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- {@p@p,b|(AB)EY, Ab EB} U
whereO is the set of students that are in the basé aat
interact to the studenitandT is the set of students who are {Guolte T} u{(to)|teT,} and
in the base sdtand interacted-to by a studénNext,a; and « a(L) = (P, Ty, FL).

h; are normalized. ) o
The next step in process mining was to perform

Z a; = Z h; =1 @) confprmancel checking. Conformance checking was QOne to
monitor deviations between observed behaviors in the
activity log and normative process models (discovery
Fesults)[28]. Based on this method, behavioral deviations or
actions that do not match the model process can be identified

one widely-used algorithm in making a graph [18]. _ 4 anal ; .
: - : yzed[31]. The quality of the conformance checking
Therefore, the KK algorithm was used to visualize the hub result was measured by the fitness function, as shown in

and authority values of each student. The layout shows thabquation 4[29]
the differences in each student are within the social network '
group in graphical form.

i€l i€l
The next stage was to create a highlight degree and layou
using the Kamada-Kawai (KK) algorithm. KK algorithm is

fitness (o,N)

E. Process Mining Technique _ l( _ ﬁ) 4
Process mining recognizes sequential patterns represented 2 . (4)
as a workflow from the activities log [10]. The workflow of + (1 - 5)

process mining produces a process model that is used as
reference for analyzing all activities [19]. The stages of
process mining used in this study included data pre-
processing, discovering process, and conformance checking
In data pre-processing, some irrelevant attributes were

Rherec is a trace (path) that is passed by cases (students).
There are four types of calculations: p (tokens produced), ¢
(tokens used), m (problematic tokens), and r (remaining

tokens). Tokens represent a material that will be processed
and accompanied by its activities. Fitness values range from

removed from for process discovery. 0 - 1, where 0 means very poor, and 1 means perfect. The

aztr(()r?iijgrd)lsgr(i)vien rgti;es$:gsn:ntr?:g?;;ﬁ:5 Itgatir?(t:ﬁgr][grdn:no';heﬁtness value of 1 indicates that all activity logs can be read
P y)org 9 ty 109 by the inductive miner algorithm. For example, if the fithess
a process model. The process model is represented by Pety]

. ; ) .~ value (Lfull, N1) = 0.90,that means 90% of activities inside
net notation [28]. Petri net is a process language representln%qu”) can be checked by the system correctly. A model that
workflow and process chain based on activities involving :

algorithm [22]. Petri net (N) labeling refers to equation 3 ?:zils? 2h(|)giq)f|tness value can repeat more traces in the log
[30]. '

N = (P,T,F,mymg,2) (3) I1l. RESULTSAND DISCUSSION

whereP is a collection of places (e-learning pagE)is @ A student Performance Analysis on Social Network
collection of activities K, F: (P x T) U (T x P) — {0,1}1S & The first objective of this study is to identify students

relation diagramin,, is the first marker,my is thefinal dominating the social network group using centrality values.
marker, andl is an activity class label. The social network used in this study is the WhatsApp group
The model is automatically founded hy algorithm, used by students to interact and be stored in the activity log.

which is a cycle displayed in graphical form as a The WhatsApp group stores an activity log, containing_1,734
representative of the most common behavior. The FOWs set conversations. The data are represented in three

algorithm as follows [29] LeL is the activity log of students ~ columns, namely the date of students interact, studeand

T.a(L) defined as follows: studenty;. In this stage, the initialization of student names is
also carried out to maintain the privacy of the students.
s Tu={t € T|3eLt €0} There are several stages of analysis carried out in the
« T,={t € T|3,e, t €= first (o))}, st_udent _activity _Iog, namely, _dgscriptive _analysis and
diagnostic analysis. The descriptive analysis presents the
« To={t € T|35cL t E=last (o)}, frequency of students interacting in the WhatsApp group,
_ ranging from 0 - 50 times, i.e., seven students. One student
e Xp={(AAB)|ACS TLANA+0 ANB#0Q A . - -
L={AB) ] L @ e shows the highest frequency of interactions between 250 -
* VaeaVber @ 2L b A Vaia0en ar#1a; 300 times. The summary of students’ interactions in the

WhatsApp group measured using the Pastecs library in the R

* A Vpipeen bi#ib,} is shown in Table 1.

. YL = {(A, B) € Xle(A’,B’)EXL A c A, ABC B,

TABLE |
. = (A,B) = (A,B")}, SUMMARY OF STUDENTS INTERACTIONS ONWHATSAPPGROUP
. B = {(p(A‘B) | (AB) €Y, A a€A} U{i,o.} Students Min | Max | Sum Median | Mean
14 2 283| 1,382 64 98

. FL ={(a'p(A,B) | (A,B) EYL A aEA} U
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Table 1 shows that the sum 1,382 means that the second
number of data is in the student id column ang; student
id column. Frequent interactions made by the 5 top students

TABLE Il
HuB, AUTHORITY, AND STUDENT'S GRADE

occurred on different dates, as shown in Table 2. Student ID Hub Authority Grade

TABLE I 34140 1.00 1.00 A
INTERACTIONS OF THETOP5 STUDENTS 34340 073 084 A

) ) 34074 0.70 0.76 AB

Date Number of interactions 34086 063 082 AB
2/16/2018 90 34092 0.59 0.58 B

2/24/2018 55 34107 0.76 0.39 AB
2/08/2018 43 34073 0.28 0.42 B
5/02/2018 39 34404 0.21 0.23 A
4/25/2018 34 34085 0.10 0.16 B
7/20/2018 33 34132 0.19 0.15 -
_ o o ~ | 34070 0.17 0.13 B

Further analysis after the descriptive analysis is diagnostic. [ 32156 0.06 0.11 AB
Diagnostic analysis to identify dominating students was [32075 0.02 0.03 B
performed based on the hub and authority (equation 1 and 2).[ 3,578 0.00 0.01 -

The hub and authority values were obtained using hub. Core
and authority. Core functions in the i-graph library in R. The
results of hub and authority calculation programing language
students are presented in Table 3.

Hubs Authorities

34075 34075

34070

34085 34152

34085 34952

(b)

@ 34078 34078

Fig. 1 Students interaction patterns on WhatsApp (a) hub of student (b) authority of student

The diagnosis shows that dominant students have higher High interaction on social networks occurs from February
hub and authority values. The results of the identification are 6™ to 22 in 2018. The students’ interaction is to know each
displayed in highlight degrees and layouts, as shown in Fig.other and ask the instruction on how to do the task. However,
1. Fig. 1 shows that student ID 34140 has the highest huhintense interaction was found at a certain time. It is
and authority values, indicating it was more dominant than understandable that student interactions increased on the
other students in the WhatsApp group. The student ID 34140deadline of assignment submission (close to deadlines),
got grade A on the Data Mining course (Table 3). It is whereas, on other days, students only shared some
assumed that the student understands the tasks presented imformation or greetings.
the e-learning platform and was able to share solutions or i ,
answer questions from members of the WhatsApp group.B- Student Performance Analysis on E-learmning
Thus, the dominant student dominant knew and explained The initial step in analyzing students’ activities log on e-
the tasks. However, student ID 34404 had a hub value oflearning is pre-processing data. Activity log in e-learning
0.21, an authority value of 0.23, and grade A. This student iscontains 18,386 rows with nine columns; time, full user
suspected of being a free-riders. Free-riders are those wh#ame, affected user, event context, component, event name,
get benefit from interactions within a group, but the member description, origin, and IP address. Data cleaning resulted in
is only shared a few ideas [32]. a dataset containing 2,235 rows. The data is represented in
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relation to three columns, namely time, user, and event name
At this stage, user initialization was carried out to protect
students’ privacy. Data quality analysis was conducted using
RapidProM. The RapidProM describes the preliminary

Description Value

Info log (start date) 23 January 201§

Info log (end date)

15 July 2018

description of log data for the subsequent analysis process. Tha data used were data of students who obtained the
The log data are described in Table 4.

TABLE IV

SUMMARY OF STUDENTS ACTIVITIES LOG ONE-LEARNING

Description Value
Number of students 14
Number of activities 2,235
Class of activities 16

Low - High

Transition label
(Freq Sync Freq move on model)

(ratio) (rafio)

Synchronous moves  Move on model

grade A, AB, and B with amounting to 12 students, while
data log contained 2,216 rows. Fig. 2 illustrates the result of
the discovery process which includes the activities in e-
learning; namely, a role assigned, user enrolled in course,
course viewed, course module viewed, the status of the
submission has been viewed, a submission has been
submitted, submissions created, a file has been uploaded, a
submission form viewed, and a user list viewed.

Course module
viewed +complete
(623/0)

The status of the Course
submission has bee| viewed+complete
viewed +complete (835/0)
(351/28)

Fig. 3 The process model of conformance checking

Conformance checking was performed to the processthe submission has been viewed with a ratio of 351/28
model represented in the Petri net, which results are showr(frequency synchronous/frequency move on mod€&he
in Fig.3. The high frequency of student activity includes the synchronous activity occurred as students submitted the
course module viewed and the course viewed. Fig. 3 shows assignments close to the deadline of submission. In this
synchronous activity (simultaneous), namely, the status ofstudy, the fitness value for all log data is 0.94, which means



that 94% of the activities in the process model could be
correctly recognized by the algorithm of the inductive miner [11]
in the ProM Framework.

IV. CONCLUSION [12]

This study has successfully identified a dominant student[13]
in the WhatsApp group based on hub and authority values.
Besides, a free-rider was also spotted. The presence of the
dominant student and free-rider has made collaboration and
students’ performance on social networks are weak. Student
performance on e-learning has been analyzed, in which
students’ activities, namely, the course module viewed and[*!
course viewed, showed higher frequency than other
activities. It revealed that activity log on social network and [16]
e-learning divide valuable information about the activities of
the student. This information can be used to improve

i N k4
students’ collaboration and to enhance students’ activity |n[ ]
e-learning.
(18]
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