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ABSTRACT
The paper concerns estimation of students’ knowledge based
on their learning results in the ECOLE system. ECOLE
is the online eLearning system which functionality is based
on several ontologies. This system allows to interlink terms
from different courses and domains and calculates several ed-
ucational rates: term knowledge rate, total knowledge rate,
domain knowledge rate and term significance rate. All of
these rates are used to give the student recommendations
about the activities he has to undertake to pass a course
successfully.

Categories and Subject Descriptors
I.2.4 [Knowledge Representation Formalisms and Meth-
ods]: Semantic networks

General Terms
eLearning system; knowledge rating; semantic web technolo-
gies in education

Keywords
Semantic Web; Linked Learning; terminology extraction; ed-
ucation; educational ontology population

1. INTRODUCTION
The ECOLE System1 from the very beginning has been

developed as the eLearning system having Semantic Web
technologies in its core. They have been chosen because
of its excellence in describing educational content. Besides,
they also provide interoperability between modules of the
system and access to already existing outer data. Students

1http://ecole.ifmo.ru/
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of ECOLE system can join courses, study subject fields by
reading books and lectures with videos, slides and text con-
tent. Students can check their knowledge by a passing the
tests, practices and exams. Users of ECOLE are not only
supplied by various educational content (lectures, videos,
tests), but they are surrounded by the competitive environ-
ment with a friendly interface. Every student has a personal
account where all his activities and results are gathered. He
knows his Just-in-Time (JIT) learning results, can check his
knowledge of any of the terms, look up his points and rank
among the results of other users, get other statistics related
to his learning.

Thus, students are engaged in a kind of game, provoking
them to perform actions anyhow connected to the learn-
ing process. We see it a way to provoke knowledge acqui-
sition, especially for the students indifferent to knowledge
and learning.

Students’ activity in the system is collected and analysed
automatically to learn the system to give students recom-
mendations on the terms, concepts or domains they know
excellent or poor, advice them what educational program
to choose and what scientific activities in the university are
close to his best performed courses.

System educational content comes from various sources:
linked open data, tests already published on the WEB, video
lectures and tests manually uploaded by the university staff.
Manually added content, as a rule, has terms assigned to
it. Tests collected from the web are parsed and sent to the
terminology extraction module inside ECOLE system, at its
output each task from the test is linked to system terms[1].

1.1 Related work
Semantic technologies are widely used in education in de-

veloped countries. The most notable projects concerning the
usage of Linked Data for education are Linked Universities2

initiative, an alliance of European universities engaged into
exposing their public data as Linked Data and the Open
University3, supporting distance and open learning, - a re-
search university with over 240.000 students.

An excellent example of using semantics to make edu-
cation materials reusable and flexible is the SlideWiki sys-

2http://linkeduniversities.org/
3http://www.open.ac.uk/
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tem[2]. The SlideWiki is an educational platform dealing
with presentations and assessment tests.

Another initiative of using semantic technologies in educa-
tion field is the mEducator. It is a content sharing approach
for medical education, based on Linked Data principles. It
enables educators and learners organise, re-purpose, re-use
and share medical educational resources.[3].

1.2 Motivation
The major task in developing and maintaining ECOLE

eLearning system is choosing and interlinking relevant mate-
rials, e.g. associating terms in lectures and tests. When data
from different external resources are integrated to the course,
they can reduce the quality of the course, i.e. content may
become unbalanced. The way to maintain and improve the
quality of the course is to use students’ activity in the system
- it can be helpful in recommending each student the appro-
priate material. In ECOLE any sophisticated statistics can
be gathered, e.g. statistics about students’ correct/incorrect
answers, allowing to filter out troublesome terms and top-
ics, number of student’s attempts to pass the course, etc.
Educators can use this statistics to screen unused or rarely
used resources, add explanatory materials, improve the qual-
ity of his course altogether. The student can use personal
statistics to fill his knowledge gaps. ECOLE seems to be
quite a new eLearning environment where educational con-
tent is combined with highly personalized recommendations
concerning individual learning strategy. Developers concen-
trate highly on providing students with detailed information
concerning their knowledge and scores. During ECOLE de-
velopment the following was done:

• developed student activity ontology to keep student
rates and scores for every term and the whole subject;

• simulated knowledge acquisition process;

• simulated student knowledge rate of a single term;

• obtained knowledge rate of course terms when student
has passed the test and send it to the student’s profile;

• increased students knowledge rate after he has passed
the test;

• calculated term ”importance” in the domain (tempo-
rary basing on the links between the terms in the do-
main ontology);

• ranked domains according to the excellence of stu-
dent’s knowledge of a domain.

Current paper mainly concerns the problem of students’
knowledge assessment which is a significant part of the edu-
cation process as a whole[4],[5],[6],[7]. The method we pro-
pose is based on the analysis of student activity in the sys-
tem. The data about student’s activity refer to the subject
fields through the learning content. The method uses pre-
defined metrics for evaluation of student’s knowledge of a
specific domain.

To develop an architecture adequate to the set problems,
1) the ontology of knowledge rate has been developed, 2)
the method of setting the initial knowledge rate of the term
has been developed, 3) partial knowledge rate of domain
terms was calculated basing on the statistics of attempts to
pass the test, 4) total knowledge rate of domain terms has

been calculated using partial rate, 5) the weights of domain
terms have been obtained using analysis of relations between
domain terms and 6) the domain knowledge rate has been
calculated using total knowledge rate of the domain terms
and their weights.

2. ONTOLOGY DEVELOPMENT

2.1 Educational Ontology
Educational ontology, which could be divided into four

modules, has been developed. Diagrams are created in On-
toDia4. Each module represents a subject area: education
(Fig. 1), tests, terms (Fig. 2) and student activity. Division
into modules allows to reduce dependencies between entities
and use only a part of the ontology.

Figure 1: Ontology module of education

The ontology module of education describes relations be-
tween courses, modules, lectures and terms and helps to rep-
resent its properties and media content. It is built on top
of top-level ontologies[8] such as AIISO5, BIBO6, TEACH-
NS7 and MA-ONT8. The most outstanding feature of this
ontology module is its ability to create direct and indirect
interdisciplinary relations between courses[9]. E.g., physics
test ”Interference and Coherence” includes math terms as
well (”vector”, ”vector product”). Thus, if a student can’t
pass this test, the system advices to repeat not only the

4http://www.ontodia.org
5http://purl.org/vocab/aiiso/schema#.
6http://purl.org/ontology/bibo/.
7http://linkedscience.org/teach/ns/teach.rdf
8http://www.w3.org/ns/ma-ont#.
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Figure 2: Ontology module of terms

lecture ”Occurrence of Interference” in the ”Physics” course,
but also corresponding lectures from the ”Vector algebra”
course. This is an example of indirect links between physics
and vector algebra via the domain terms ”vector” and ”vec-
tor product”.

To describe tests’ content ontology module representing
the test structure has been developed. This module9 has the
following classes: Test, Testing Knowledge Item, Group of
Tasks, Task, Answer, Question, Fill-in the Blank, Matching,
Multiple Choice, Single Answer, Text Answer, True/False.
The main purpose of the developed ontology module is to
represent structural units of a test and provide automatic
task matching by defining semantic relations between tasks
and terms[10]. The ontology module has a class ”Test” to
store common test characteristics, e.g. its title and descrip-
tion, and class ”Testing Knowledge Item” to describe test
elements. The class ”Testing Knowledge Item” has sub-
class ”Task”. The class ”Group Of Tasks” [11] was added
to group questions by parameters, e.g. by difficulty. The
class ”Task” has subclasses ”Answer”. The class ”Question”
has subclasses describing question types: ”Fill-in the Blank”,
”Matching”, ”Multiple Choice”, ”Single Answer”, ”Text An-
swer”, and ”True/False”. The class ”Answer” has object
properties ”is wrong answer of” and ”is right answer of”. Us-
ing these two object properties except one data property
”has answer” allows to use one set of answers for many ques-
tions.

The ontology module of student activity10 has been devel-
oped to store information about the student’s learning pro-
cess and results. Two top-level ontologies have been used
for its development: ontology module of tests, as described
above, and FOAF ontology11 that describes people and re-
lationships between them.

The class ”Learning process” stores information about ev-
ery action performed by the student in the system. Stu-
dents can watch the video (subclass ”Video”), try to pass
tests (subclass ”AttemptToPassTest”), learn terms (subclass
”Term”) and pass a course (subclass ”Course”). The ontol-
ogy module also has class ”Student” to store information

9http://purl.org/ailab/testontology
10http://purl.org/ailab/learningresults
11http://www.foaf-project.org

about users and their activity in the system. This class is
a subclass of class ”Person” determined in FOAF ontology.
The object properties ”enrolled course”, ”finished course”,
and ”subscribed course” describe relationships between the
class ”Student” and the class ”Course”. The class ”Learning
results” was added to store information about students ed-
ucational activities and answers. Class ”TestElement” con-
tains information about ”Task” (class of test ontology) and
about student’s ”Answer” (subclass of class ”LearningRe-
sults”), which can be correct or incorrect. A set of test
elements constitutes attempt to pass the test. The proper-
ties ”timestamp of attempt” and ”percent complete of test”
allow eLearning system to store information about the time
in which an attempt was made and to determine the result
of the test. The eLearning system uses the ontology of tests
and answers given by the user to build a list of terms that
the user knows.

2.2 Ontology module of knowledge rates
Knowledge rates ontology module (Fig. 3) is intended for

keeping information about rates of term and domain knowl-
edge rates for each student. Term’s rate shows whether
the student assimilated it. For example, if a student has
watched or read the lecture with this term and has passed
a test with this term successfully, we can consider, that stu-
dent knows it. Ontology module contains class ’Rate’ and
5 subclasses: ’Lecture Term Rate’ computed as the number
of lectures, containing this term and viewed by the student;
’Test Attempt Term Rate’ keeping attempts to pass a test
with this term and number of correct answers to the task
with a term; ’Average Test Term Rate’ based on average
result of all attempts to pass one test or to pass all tests
with this term; ’Total Term Rate’ based on sum of rates
of this term; ’Domain Rate’ based on all rates of all terms
from the domain student is learning. Each class contains
data property ’value’ to store numeric values of rates. Also
ontology contains object properties which link rates to the
class ’Student’ from the educational ontology, ’Test’ from
test ontology and ’Term’ from terms ontology. Ontology al-
lows to add additional ’Rate’ subclasses storing new metrics
and change or add formulas to calculate.

With the described modules we retain all the data associ-
ated with the training of students. Let’s begin with a general
example. John Smith, our imaginary student, has started
”Optics” course. This course contains lectures and practi-
cal tasks (from ontology module of education), several tests
with different groups of tasks and information about wrong
and right answers (from ontology module of tests), each task
from tests and each lecture have terms, which were described
in ontology module of terms. When the student tries to pass
the test new individual of class ”AttemptToPassTest” is cre-
ated. When the student has solved the task his results are
recorded in ontology module of knowledge rates. Based on
wrong and right answers, metrics for terms that are checked
in this tasks are compiled and changed, based on the for-
mula, described below.

3. METHOD

3.1 Acquaintance with the term
It is supposed that at the start of his learning process

the student does not know any domain terms. Therefore, a
number of metrics is used to assess the student’s knowledge.

697



Figure 3: Ontology module of knowledge rates

To acquire some knowledge about a single term of the
course our imaginary student John has to read or watch
theoretical content associated to this term. The lecture he
read contains subject terms Vector Product, Interference,
Light energy. Term knowledge rate of these three terms
became 0.15 after passing the lecture.

When the student reads the lecture for the first time, the
system writes the fact of studying domain terms associated
to this lecture to the ontology using relations between do-
main terms and lectures and assigns each of these terms with
a 0.15 term knowledge rate. This rate can change later ac-
cording to student’s results and activity in the system. Term
knowledge rate of unstudied terms remains zero and stu-
dent activity does not affect it. ECOLE tracks the statistics
about the number of times the student watched a lecture
but multiple lecture reading does not influence this initial
rate. In the current implementation the system tracks only
the first time when the student studied terms by reading
the lecture. The ontology enables storage of the number of
times the student addressed the lecture, because it provides
data to understand how frequently the student faces studied
terms and repeats them. In future this metrics will be used
in making total knowledge rate calculation more precise.

3.2 Knowledge in the test
When the user has finished the test, the system sends

the SPARQL Update Query[12] with his answers to the
SPARQL-endpoint. When user statistics is gathered, ob-
jects having type ”AttemptToPassTest” and user’s answers
to the test’s tasks are created in the system. The object
with type ”AttemptToPassTest” is bound to hash data of
user’s e-mail.

After test completion the information about amount of
correct answers is displayed to the student. Also the list of
domain terms for repeating is presented to the student. The
system generates the list of embarrassing terms for the stu-
dent using test results and relations between domain terms
and tasks of the test. For each subject term of the test

Table 1: The calculation of partial term rate
Task Number Answer Impact on the rate

1 correct 0.515
2 correct 0.128
3 correct 0.057
4 incorrect -0.032
5 correct 0.021
6 incorrect -0.014

Total partial rate 0.676

the system counts the partial term rate based on student’s
answers. The list is sorted using knowledge rate of each sub-
ject term. Partial term rate can help the student to find his
knowledge gaps and eliminate them.

Partial term rate is calculated using series as a model of
student’s term knowledge. We assume, that a student refines
his knowledge in the process of learning so scores for each
correctly answered term are generated dynamically using the
series

Rt =

∞∑
n=1

0.515

n2

This means, when the student gives correct answer for the
term the first time (n=1), he is given 0.515 for this term, for
the second correct answer he is given 0.132 and his partial
term rate is 0.643, etc.

Imagine, John Smith passed the test on optics, which in-
cludes 5 tasks with the term Interference. He answered cor-
rectly the tasks number 1, 2, 3, 5 and gave incorrect answers
to the tasks 4 and 6. Calculation of partial term rate is given
in table 1. Scores and charges correspond to the partial sum
of the series. If all answers were correct, John Smith would
get partial term rate 0.768.

Using series is determined by two reasons. Firstly, stu-
dent’s score after passing the test can not exceed 0.85. This
will encourage student to read theoretical material if he has
skipped it previously. Moreover, being good in passing tests
does not imply students good term understanding. Secondly,
this is the remedy from dishonest students who may wish to
drive up the score by passing the test endlessly. Thirdly, ed-
ucational model assumes that a student can give incorrect
answers and he is charged for that. This charge is subtracted
from the partial term rate and it gets less and less ’heavy’
with the number of correctly answered term because the
charge is calculated as the Nth term of the series.

After passing the test detailed results are displayed to the
student. These scores do not interfere with term knowledge
rate and show the percent of correct answers for each term
in respect to the number of tasks on this term in the test.
It informs the student about his results in a separate test.
The user interface of the test result page is shown in Fig. 4.

3.3 Total knowledge rate
The statistics of student’s activity in the system and his

learning results allows to formulate a list of metrics for stu-
dent knowledge evaluation for every domain presented in the
system. The list of metrics includes 1) answers to the tasks
of the tests, 2) passing the practice, 3) learning theoretical
material, 4) number of attempts to pass the test, etc. The
total knowledge rate for each subject term is stored in the
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Figure 4: The user interface of the test result page

student profile. The system tracks activity of the students
and stores it into the knowledge base. The classifier ana-
lyzes all the activity of the student and, given the activities,
increases or decreases the total knowledge rate of the certain
subject term.

In this paper calculation of two metrics is mentioned: fa-
miliarity with the term (Section 3.1) and the partial term
rate (Section 3.2). When the student passed the test, the
system collects the partial knowledge rates for each domain
term linked with this test. After that the system counts the
total knowledge rate of this domain terms adding 0.15 to the
partial rate if the student read the lecture before tackling the
test.

3.4 Term importance
On the first level of ECOLE data model the data about

subject fields, domain terms and relations between them are
stored. The semantic relation previous term is specified for
the terms which should be learned before learning the cur-
rent term. For some terms these relations coincide with their
hyponym-hypernym relationship but they concern guidance
through the education process more than taxonomic rela-
tions. Terms and their relations are independent from the
educational material and are reused in several courses (do-
mains). Its change does not influence other levels. Educa-
tional material such as courses, lectures or tests is stored on
the second level of the data model being linked to the do-
main terms. This relations provide an opportunity to eval-
uate the student knowledge using analysis of links between
the entities of the ontology.

Term is the object that describes domain concepts. The
examples of such objects are ”Vector”, ”Matrix”, ”Pythagorean
Theorem”. Domain terms are interlinked. In this paper we
consider only the number of links between the terms to cal-
culate their significance for the acquisition of the educational
material. For example, the domain term ”Collinearity” de-
pends on domain term ”Vector” since the knowledge about
”Vector” is necessary to study ”Collinearity”. The domain
structure is represented by the graph of domain terms.

Using the links between domain terms the system counts
the significance (its quantitative correlate) of each term in
learning process. The higher the significance of the domain
term, the more domain terms depend from it. The knowl-
edge of domain terms with large significance is necessary
for successful completion of the course. Knowledge of do-
main terms with small significance is necessary to refine ones

knowledge and get the highest scores because it has little ef-
fect on the course completion.

The system recalculates terms significance automatically
by the predefined schedule. Every term is characterized by
3 dependency levels: number of terms that depend on it
directly (child), depend from the directly depending terms
(sub-child) and depend from the depending from directly
depending (terms sub-sub-child).

The term significance is count by the formula:

Wt =
1

e
+

3∑
k=1

nk

ek

where n - number of terms linked to this term on each
of dependency levels, k - number of dependency level, 1

e
- a

constant.
1
e

was introduced to avoid zero term significance for the
terms that have no children. This formula has to be normal-
ized to compare significance of terms from different domains.

3.5 Domain Knowledge rate
This rate is calculated by multiplying term significance in

the domain and term knowledge rate. Before its calculating,
relative ratio in the specific domain is calculated for every
term considering its weight. Firstly, sum of term weights in
the domain is calculated

Wf =

∞∑
n=1

Wt

where Wt - domain significance, n - number of terms in
the domain.

Term relative ratio is calculated using the formula

Dt =
Wt

Wf

where Wt - term significance, Wf - term weight.
Domain knowledge rate is the sum of term rates multiplied

by its relative ratio:

Rf =

∞∑
n=1

RtDt

where Rt term rate.

4. RESULTS AND DISCUSSIONS
The paper describes a novel approach to analyze students’

knowledge in the eLearning system using Semantic Web and
Linked Data. The presented method allows to obtain sev-
eral knowledge rates which deliver the student just-in-time
results about how his (un)successful his education is: he can
see how good is his knowledge of any term or domain on the
whole, what terms he has to repeat, etc.

Term significance was calculated for the optics domain (it
contains 43 concepts now). Five terms with the highest term
significance rate in optics are given in table 2. Obtained
results show term importance in the learning process rather
than its importance in the optics terminological system.

Future work plans include empirical data obtaining and
analysis of students’ experience with the system which is
possible only after the academic term completes (about May,

699



Table 2: The term significance rate in optics
Domain Term Level 1 Level 2 Level 3 Rate
Interference 6 9 2 3.52

Interference effect 7 2 0 2.85
Wave process 3 8 9 2.63
Illumination 1 6 9 1.63

Light 1 6 9 1.63

15). Testing and overall analysis of the proposed model on
students will inevitably arise its changes and improvements.

Anyhow, there are already some rather significant things
to be improved. Firstly, domain ontology needs refinement
and unification, because it has been developed by different
people: some domains are more detailed, the last increases
the density of term links and influences term weight. To
improve the quality of term significance calculation domain
ontology has to be integrated with external resources, i.e.,
Mathematics Subject Classification (MSC)[13]. Secondly,
broad experiments with learners are critical for quality im-
provement: new metrics can be added and learning strate-
gies can be revealed bases on the analysis of users statistics.

Thirdly, a list of new metrics is ready to be added: a)
Test-depending

• number of correct answers to the term;

• number of attempts to pass the task;

b) Lecture-depending:

• number of times student addressed the lecture;

• time expense to read the lecture;

• total time of lecture reading;

c) Term-depending:

• number of lectures linked to the term;

• number of tests linked to the term;

• number of domains having the term;

• number of domains having terms depending from the
term;

To conclude plans for the future work, ECOLE was de-
signed as a system capable of giving recommendation as to
the student, what extra courses he needs to pass to get the
best scores at the exams, as to the university scientists, in-
forming them which students they can choose for scientific
work. Future work will be connected to broaden the recom-
mendation force of ECOLE.
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