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Abstract—In the last years the development of learning
environments, and particularly of Educational Adaptive Hy-
permedia (EAH) systems has increased significantly. However,
it is important to complement this development with evaluation
methods in order to improve EAH system performance. In
this context, we propose to analyze the data from student
interaction with EAH systems utilizing the GeSES method. This
method has been specifically designed to work with student logs
and is based on C4.5 rules. In particular, the work described in
this paper aims to achieve the following two objectives: testing
the method with different types of data in order to find out
its reliability, and detecting symptoms of low performance in
a specific adaptive learning environment, called CoMoLE.
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I. MOTIVATION

Not all users of e-learning systems have the same goals,
interests or needs. Aspects such as background, preferences,
learning styles or personality may influence user-system
interaction and determine the user needs. Information can
be adapted to meet the user learning needs. A user model
is a representation of information about an individual and
is essential for adaptive systems to provide adaptation,
i.e., to behave differently for different users [1]. The first
applications of Adaptive Hypermedia (AH) date from the
beginnings of the 90s. Brusilovsky presented the first clas-
sification of AH methods and techniques in 1996 [2]. Some
e-learning adaptive systems based on these AH techniques
are ELM-ART [3], AHA! [4], TANGOW [5] and CoMoLE
[6].

The creation and evaluation of adaptive systems are
difficult tasks for instructors and system designers. On one
hand, the design process requires from the instructor to
structure the knowledge and to define the mapping between
this knowledge and the educational material. On the other
hand, evaluation of e-Learning systems is a complex and

time-consuming task, since, in most of them, only data about
student interactions are available for instructors; they do not
receive feedback about student behavior, learning progress,
motivation, etc. Since students’ behaviors are hidden inside
the data recording their interactions, instructors should an-
alyze them in order to assess student and learning environ-
ments’ performance. Generally, e-Learning systems generate
vast quantities of data (log files). These data consist of
records of the actions done by each student while interacting
with the system. In this context, one challenge is to find out
a methodology for processing log files, since, normally, it is
difficult to use traditional data analysis tools and techniques
due to the large size of log files.

Our last works [7], [8] have demonstrated that data mining
technology can be successfully used for processing log
files. This is a typical application of data mining, as it
blends traditional data analysis methods with sophisticated
algorithms for processing large volumes of data (discovering
useful information) [9]. In this context, these previous works
were centered on the evaluation of e-Learning material by
exploring log files in order to find patterns indicating that
some parts of the material delivered by the e-Learning
environment were not adequate for students.

The key-node method, based on decision tree algorithms,
was presented in [10]. This method detects the nodes in
a decision tree that indicate symptoms of bad adaptation
in an adaptive course. We also developed ASquare (Author
Assistant), a tool that provides a user friendly interface for
evaluating adaptive courses by using data mining methods.
ASquare was firstly presented in [11] and the improved
version was presented in [12]. With the objective of testing
the key-node method we tested it with real log files in [7].
This last work demonstrated that the application of data
mining methods for evaluating e-Learning environments is
useful and generated good results. However, the key-node
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method obtains less accurate results for leafy decision trees.
For this reason, GeSES method (based on decision rules)
was developed [8]. The GeSES method proved to be useful
for finding symptoms of low performance.

The goal of the current work is to generalize the proposed
method presented in [8] by analyzing different data types.
This paper presents the analysis of student interaction data
when carrying out the learning activities included in “Oper-
ating Systems” course. The activities were delivered through
an adaptive environment, which provides different levels of
adaptation based on different aspects of the student model
(i.e. learning styles) and also on the student context when
interacting with the system.

This paper is organized in five sections. The next section
describes the delivering adaptive system. The data provided
for this system and the context of them are described in
section three. The analysis of the data by using the GeSES
method [8] is presented in section four. Finally, the last
section exposes the conclusions and future work.

II. THE COMOLE SYSTEM

CoMoLE (Context-based adaptive Mobile Learning En-
vironments) is a mobile learning Web-based system that
supports the recommendation and accomplishment of dif-
ferent types of learning activities (i.e. reading explanations,
observing examples, test making, short open-answer exer-
cises, collaborative problem solving, downloading electronic
study material, messaging to/from other classmates, etc)
[13]. Activities can be devoted to all users or to specific
users. CoMoLE recommends the most suitable activities to
each user according not only to his personal features and
behavior but also to his context at the time of the rec-
ommendation. Adaptation capabilities and recommendation
criteria are defined by means of rules. At the beginning of
each session the system asks the student how much time
he has available to interact with the system, and it takes
this estimation into consideration when selecting the learning
activities to be recommended.

CoMoLE has been used by students of “Computer Sci-
ence” at the Universidad Autónoma de Madrid. A mobile
learning environment was created for the course “Operating
Systems”, among others. It contains activities to support
learning of theoretical concepts and procedures, revising
examples, practicing with self-assessment tests, answering
open-ended questions, reviewing already done activities and
solving a problem collaboratively. Regarding adaptation in
“Operating Systems”, learning activities and contents were
recommended to students according to their learning styles
[14], activities already accomplished, results in practical
tasks, and context (device used, available time and physical
location at the time of the recommendation). With this aim,
structural rules define the guidance to be offered to different
students when accessing to groups of tasks. Furthermore,
general context filters are specified (i.e. the minimum time

needed to perform short text exercises and collaborative
activities for active/reflective students). Finally, specific con-
straints for certain activities were also included (starting or
ending dates, devices to be used in collaborative activities,
etc.). More details related to this environment can be found
in [6].

III. DATA DESCRIPTION

The input data for this work has been provided by the
Escuela Politécnica Superior at Universidad Autónoma de
Madrid (Spain). Data were collected through the 2007/08
spring term from student interaction with CoMoLE, within
the framework of the Operating Systems course. They cor-
respond to 131 students, with a total of 3610 interactions
with the system.

In this work, the pre-processing phase consisted of creat-
ing a large log file with data from CoMoLE log files. This
task was laborious. CoMoLE generates two log files for
each student: one for storing the user profile and another
recording his interactions. A large log file was created by
using the most useful parts of the log files for this study,
and avoiding redundant parts. In addition, a cleanning phase
was needed. The large log file contains information about
the student profile, the student context at each time, the
activities performed in each context and the outcome in each
activity. It is worth mentioning that only practical activities
were selected. Table I shows the composition of the student
profile: a user id and values for four dimensions of learning
styles, based on the Felder-Silverman model [14]:

• idUser: student identification in the system.
• Visual: visual/verbal dimension of Felder-Silverman

model. This dimension is related to the manner in
which contents are presented to students. Two values
are available: “y” (more visual than verbal) and “n”
(more verbal than visual).

• Sequential: sequential/global dimension of the model.
This dimension refers to the manner in which students
understand the information. Two values are available:
“y” (more sequential than global) and “n” (more global
than sequential).

• Active: active/reflexive dimension of Felder-Silverman
model. This dimension indicates the way in which
students like to process the information. Two values
are available: “y” (more active than reflexive) and “n”
(more reflexive than active).

• Sensitive: sensitive/intuitive dimension of the model.
This dimension indicates the way in which students
perceive the information. Two values are available: “y”
(more sensitive than intuitive) and “n” (more intuitive
than sensitive).

The next three variables for each log entry (see table II) are
related to the context of the student when carrying out the
activities:
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• Device: type of device in which learning activities are
presented to the student at this time. Two types are
available in this course: PC and PDA.

• Location: place in which the student takes the activities.
Three places are available: home, laboratory and others.

• timeUser: time available for the student to accomplish
the activities in this session. The student sets this time
when he starts a new session, and CoMoLE offers him
the most suitable activities to be carried out in this
period of time. Possible values for this variable are:
10 minutes, 20 minutes, 30 minutes, 1 hour, 1-2 hours,
more than 2 hours.

Table III shows the variables related to the activities done,
described in the following lines:

• nameAct: identification of the learning activity.
• Type: type of activity. Five types are possible: theoret-

ical, example, self-assessment test, short free-text an-
swer exercises (short text) and collaborative activities.

• Finalization: it indicates if the activity is ended or
not. Two values are possible: F (finished) and N (not
finished).

• Score: it stores the score obtained by the student when
accomplishing the activity. It is a continuous variable
from 0 (the worst score) to 10 (the best one).

• Grade: this variable is not generated by CoMoLE but
added artificially to each log entry. It indicates a LOW
score (0 ≤ score < 5) or HIGH score (5 ≤ score ≤
10).

The following tables (table I, II, III) show the three parts
of each log entry of three different students. The student
user23 is visual (value “y” in visual), sequential (value “y” in
sequential), active (value “y” in active) and sensitive (value
“y” in sensitive). This student carried out the “Mem Test1”
activity at their home by using their personal computer (see
table II). In addition, the student had 30 minutes to perform
the activities. The next part of this log entry (see table III)
indicates that Mem Test1 is a test activity and was finished
unsuccessfully (value “F” in final, value “LOW” in grade)
by user23. The next log entry shows a different user with
a different learning style. In this case, user73 is visual,
non sequential (global), active and sensitive. User73 worked
at home using their personal computer with 10 minutes
available. The “MV Test19” activity is a short text activity
and was finished unsuccessfully by the student. The last log
entry shows that student user90 has the same learning style
and context as user73. However, user90 finished successfully
the “PagSimpleTest2” test activity.

Tables IV and V exhibit the distribution of the values of
the main variables of this study within the interaction logs.
For example, table IV shows that 3140 students were visual
(value “y” for variable “visual”), whereas 470 where verbal
(value “n” for this variable). The same information is given
for the other dimensions. Table V shows that most of the

idUser Visual Sequential Active Sensitive

user23 y y y y

user73 y n y y

user90 y n y y

Table I
EXAMPLES OF LOG ENTRIES IN THE ADAPTIVE LEARNING

ENVIRONMENT (PART 1/3)

idUser Device Location timeUser

user23 pc home 30

user73 pc home 10

user90 pc home 10

Table II
EXAMPLES OF LOG ENTRIES IN THE ADAPTIVE LEARNING

ENVIRONMENT (PART 2/3)

nameAct Type Final Score Grade

Mem Test1 test F 0.1 LOW

MV Test19 short text F 0.1 LOW

PagSimpleTest2 test F 10.0 HIGH

Table III
EXAMPLES OF LOG ENTRIES IN THE ADAPTIVE LEARNING

ENVIRONMENT (PART 3/3)

students worked at home, since there are 3042 instances
which contain the “home” value in location variable. In
addition, the preferred device is personal computer (PC),
with more test activities than short text or collaborative
activities. The next row in this table (grade) indicates that
a great number of students failed the practical activities,
since 2799 instances had a “LOW” value for this variable.
It is worth noticing that the “Operating Systems” adaptive
learning environment is composed of 46 different practical
activities. The names of these activities are shown in the
last row of the table. For instance, the first three activities
are PagSimpleTest1, PagSimpleTest2 and PagSimpleTest3.
These activities are listed in the table as “PagSimpleTest(1-
3)”.

IV. LOG ANALYSIS

The first goal of this work is to test the method GeSES
[8] in order to check its reliability. In this sense, CoMoLE
logs provide more information about students’ profile than
the log files analyzed in [8]. The second goal was to
analyze CoMoLE courses by using this method to find
significant patterns of behavior, which can provide support
for improving the recommendations. In this context, this
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Properties Values Number of instances

Visual
y 3140

n 470

Sequential
y 2670

n 940

Active
y 1364

n 2246

Sensitive
y 3181

n 429

Table IV
DISTRIBUTION OF MAIN DATA VARIABLES (PART 1/2)

Properties Values Number of instances

Device
PC 3496

PDA 114

Location

home 3042

lab 68

others 500

Type

test 2306

short text 1235

collaborative 69

Grade
LOW 2799

HIGH 811

nameAct PagSimpleTest(1-3),
PagSimpleRptaLibre(1-2),
SegSimpleTest(1-2), Mem Test(1-5),
PSRptaLibre(1-2), MV Test(1-19),
MultiRptaLibre(1-2), PagMV-Ejer(1-7),
SegMVEjer, ColSO1, TablasRptaLibre1,
TablasTest2

Table V
DISTRIBUTION OF MAIN DATA VARIABLES (PART 2/2)

method uses C4.5 algorithm [15], which produced good
results in the previous work.

The GeSES method is summarized in the following lines:

• Generating the production rules by using C4.5 algo-
rithm.

• Selecting the rules of the ranking table (provided by
C4.5 algorithm) in which the right part indicates a low
score in a given activity.

• Establishing the filter limit.
• Selecting the rules that cover a number of used cases

greater than the filter limit.

The first step in the analysis process was to define which
attributes from the log files would be analyzed and/or used
as the class variable. Considering the intention of finding ac-
tivities that could present difficulties for a subset of students,

eight attributes were selected: Visual, Sequential, Active,
Sensitive, Device, Location, Type and nameAct. The class
variable grade represents the outcome (“HIGH” or “LOW”)
of students when solving practical activities. In addition,
the space of the problem is 26496 combinations (problem
space is calculated as number of attributes and class variable
combinations, therefore space = 2∗2∗2∗2∗2∗3∗3∗46∗2 =
26496). The problem space, together with the number of
records, indicate that the data analysis is complex enough
to apply this method.

After applying the C4.5 algorithm for obtaining the C4.5
rules, 43 production rules were generated (13 rules for class
“LOW” and 30 rules for class “HIGH”). Then, the next step
was selecting the rules in which the right part is “LOW”.
Thereby, 13 rules were selected. Table VI contains the 13
rules for class “LOW”. The column size shows the number
of conditions of the rule. For example, the rule 104 is type =
short text → LOW [91.9%] (see table VII); since the left
part of this rule is composed by one attribute (type), its size
is 1. The error column is an estimation of the number of
instances classified incorrectly by the rule, i.e. the error of
rule 104 is 8.10%. The accuracy of this rule is 91.9%, since
accuracy = 1 − error. Finally, the last column points out
the number of instances which cover the left side of the rule.
For instance, the rule 104 is covered by 1225 instances or
cases (this was the rule with the highest coverage).

idRule Size Error Used Cases

104 1 8.10% 1225

54 2 17.80% 418

19 1 8.50% 99

30 1 8.50% 99

7 1 19.70% 95

26 1 9.00% 93

57 1 15.80% 81

62 1 17.10% 81

1 2 17.20% 74

37 2 18.40% 56

20 2 20.40% 54

45 3 22.30% 27

15 2 11.80% 11

Table VI
RANKING OF RULES FOR CLASS LOW

The next step was filtering the rules in order to select
the most relevant. Two criteria are possible for filtering the
rules: considering used cases (i.e. the cases in which all the
conditions of the rule are satisfied) or considering accuracy
(i.e. the percentage of correctly classified cases). Taking into
account that our objective is to describe the data rather than
making predictions of the data, we have chosen the former
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criterion. As the filter criterion is based on used cases, the
table VI presents the rules ordered by this column. The filter
used in [8] was 10% of the total of used cases of the rules.
In this case, this filter is 241 (total number of used cases
is 2413). Therefore, two rules are over this filter: rule 104
and rule 54. We prefer a filter based on third quartile or
upper quartile, since more rules are selected. Then, the third
quartile is 99, thus four rules are over this filter: rules 104,
54, 19 and 30. This set of rules (they are highlighted in table
VI) is more representative than the set of rules provided by
the first filter.

Rule 104: type=short text → LOW [91.9%]

Rule 54: active=y, location=home → LOW [82.2%]

Rule 19: nameAct=Mem Test2 → LOW [91.5%]

Rule 30: nameAct=MV Test1 → LOW [91.5%]

Table VII
REPRESENTATIVE RULES

Rule 104 indicates that most students showed difficulties
in the short text activities. This might indicate the con-
venience of revising the recommendation criteria for this
type of activities. The next rule demonstrates that most of
active students who worked at home had difficulties. Hence,
further attention should be paid to the recommendations
given to active students. Rules 19 and 30 point out that
most of the students had failures in activities Mem Test2
and MV Test1. Therefore, contents of these activities should
be reviewed.

It is important to notice that the information displayed
in table VII could be useful to instructors or designers of
learning environments for enhancing either the recommen-
dation criteria or the e-Learning material. It would be a
valuable help to show this information to them so that they
can evaluate their learning environment better.

V. CONCLUSIONS AND FUTURE WORK

This work presents the analysis of interaction data from
CoMoLE log files by using the GeSES method. Two differ-
ent goals were pursued in this work: testing the reliability of
the method with different types of data, and detecting symp-
toms which could indicate problems in the recommendations
offered by the system.

From this analysis we obtained four rules that could
indicate the presence of this type of symptoms. One of these
rules points out that most of the students presented problems
when accomplishing short text activities. The second rule
shows the presence of problems for active students in most
of the learning activities. These two rules show general
problems: the first rule does not provide information about
specific student profiles having problems with this type of
activities (it seems that the score obtained is independant

from the student profile); the second one does not provide
information about the name or type of activities in which
active students had problems (they seemed to get worse
results in general, in this course). The last rules (19 and
30) contain information about particular activities in which
students got bad results. Therefore, our opinion is that
these four rules are important for the course responsible
and should be considered to improve the course (either the
recommendations or the materials provided).

It is worth pointing out that one of the main contributions
of the GeSES method is to highlight relevant information
that could go unnoticed when using only data mining tech-
niques without further assistance. Moreover, this analysis
showed the reliability of GeSES method, since the structure
and distribution of these data were totally different from
data of previous works and, even so, the method produced
interesting results.

One of the features of current data mining tools is that
they cannot be utilized without prior data mining knowledge.
In contrast, GeSES method can be used by those without a
background in data mining. In this sense, our future work
will be centered on adding GeSES to ASquare (Author
Assistant) [12] tool. In addition, further enhancements of
GeSES will focus on improving the filter used within this
method.
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