INTERNET TECHNOLOGIES

Application of the adaptive content concept
for an e-learning resource

Dmitry A. Aldunin

Doctoral Student, Department of Innovation and Business in Information Technologies

National Research University Higher School of Economics

Address: 20, Myasnitskaya Street, Moscow, 101000, Russian Federation

E-mail: daldunin @hse.ru

Abstract

Nowadays, the e-learning market is rapidly growing both financially and geographically. More and more
often, e-learning resources involve a multicultural audience and are becoming available to people with different
educational backgrounds. However, there are cognitive specificity and different approaches to the learning
process in different cultures. This paper is devoted to illustrating a possible solution for adaptation of content
of an e-learning resource to a multicultural audience. The solution described applies the adaptive content
concept based on individual educational trajectories and preparing content according to the individual cultural
characteristics of learner and his or her competencies, both obtained and desired.

During the research, the learner-centric model of learning processes was developed. In the article, both
high-level and detailed models are presented. Principles of planning the individual learning trajectory based
on the learner’s obtained and desired competencies, and statistical data about his or her learning style are also
described. As an example of the possibility to apply historical data on how learning style affects successful
passing through the learning course, the statistical analysis is provided. The analysis relies on person-course de-
identified dataset from seven courses on HarvardX and MITx platforms provided during the 2013/14 academic
year. This analysis demonstrated the statistical significance of several parameters. A comparison of algorithms
for estimating the probability of successfully passing the course depending on the learning style, is also presented.
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Introduction

owadays, the cross-cultural problem is one of
Nthe basic things to consider when creating an e-

resource focused on representatives of different
cultures. Since the advent of using information technol-
ogy for delivery of information, new tools and methods
to present it have appeared. Some of them both partly
decrease and increase the psychological tension of the
process of acquiring knowledge. According to G. Uzi-
levsky [1], ergonomic semiotics is a scientific practice
which studies the problems common to semiotics, lin-
guistics and ergonomics, and is able to resolve a number
of problems associated with the need to make informa-
tion intelligible to the target audience, depending on
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the cognitive specificity caused by cultural differences.
In the era of the worldwide Internet’s intromission into
most areas of life, the implementation of cross-cultural
aspects of ergonomic semiotics is very important.

On the one hand, the content of usual e-resources
certainly embodies the national culture of its creators
[2]. On the other hand, content must meet the cultural
and pragmatic expectations of the learner for maximal
efficiency of presenting information. For example, it is
possible to observe that Western educational content is
characterized by openness, clear logic and predictability,
its dosage of information and no hidden content; while
Eastern content usually has a complex structure and is
very context-related [2].
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Pragmatic factors must necessarily be taken into ac-
count during the process of creating and monitoring re-
sources aimed at a multicultural audience. There are dif-
ferent cognitive models of perception and processing of
information in the Eastern (collectivistic and inclined to
dialectic) cultures and the Western (individualistic and
inclined to formal logic) cultures. In the West, the infor-
mation is mostly directly perceived through the prism of
the person’s individual perception and is superimposed
on the existing information background. In the East, us-
ers simply collect information without personal critical
reflection when consuming information content [2].

1. Basis of cultural classification

The central object of my adaptive content concept is the
learner’s profile consisting of two parts: cultural and cogni-
tive, plus competency profiles. The cultural and cognitive
profile contains information about culture-related fea-
tures: cognitive specificity, specificity of train of thought,
and affective differences. According to M. Kholodnaya’s
research [3], the cognitive style reflects the way of perceiv-
ing, analyzing, structuring and categorizing the world, the
style of learning. The competency profile contains a list of
the learner’s knowledge and skills, and the vector of his or
her educational and professional development (what he or
she is interested in for further learning).

It makes sense to base the cultural and cognitive profile
on the six cultural dimensions invented by Geert Hofstede

[4, 5] (Power Distance (PDI), Collectivism vs Individu-
alism (IND), Masculinity vs Femininity (MAS), Uncer-
tainty Avoidance (UAV), Long-term vs. Short-term orien-
tation (LTO), Indulgence versus Restraint (IVR)) because
there a test exists which provides an exact value for each
dimension, making it very convenient for programming.
This basis was used when mapping with the cultural clas-
sifications of F. Trompenaars [6], H. Triandis [7] and
R. Lewis [8]. While Hofstede’s classification was driven by
an individual’s associates, other classifications are more
individual and thus complement the former. The pro-
file may also be extended with the binary classification of
learning styles introduced by R. Felder and L. Silverman
[9]. In this model, learning styles are described as a value
between pairs of extremes: active or reflective, sensing or
intuitive, verbal or visual, and sequential or global. There
also is the test for getting values for a specific learner [10].

The competency profile should be based on a com-
petency classificatory. Competencies should be divided
into systematic competencies (core competencies, such
as time-management, statistics analyzing, working in
group, etc.) and professional competencies (related to
the exact professional field). Professional competencies
should themselves be divided in two: instrumental com-
petencies, and social and personal competencies. The
latter competency group is related to the cultural and
cognitive profile and that is how connection between
profiles is carried out.
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Fig. 2. Detailed model with attributes and relations of entries

2. Learner’s model

Lots of models for the learner and learning process
were presented by different researchers. For example,
domain ontology by P.Q. Dung, A.M. Florea designed
for application in a multi-agent e-learning system [11]
or the model by A. Garcia-Gabot, taking the learner’s
device into account [12]. But these models lack a com-
plex view of the learner, specificity of the e-learning
process, and domain modeling. The following ontology

model solves this problem (Figure ).

The full model describing the relations and attributes
of entities is the following (Figure 2).

The learner-centricity of this model is strongly as-
sociated with the idea of customer centricity in today’s
commerce, which is the key to business maturity'. As
e-learning is actually a business process with certain rev-
enues for both sides, it is obvious that learner-centricity
is an important step for general e-learning development
all over the world.

' “The journey toward greater customer centricity”, Ernst & Young LLP, 2013
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3. Individual learning trajectory

An individual educational trajectory (IET) — the plan
of study, taking into account preferences of the learner
in the final set of acquired competences, as well as his
penchant for specific forms of presentation of cognitive
objects and tasks, the different methods of research and
forms of expressing ideas depending on the conditions
of cultural and personal characteristics. The learner
should select learning courses or desired competencies
for building the IET. Every course may be character-
ized by a set of competencies according to the com-
petency classificatory mentioned before, the duration
and price. Moreover, the duration of some courses may
depend on the specific learner and the time to obtain
the same competency also varies in different courses.
In addition, qualifications (sets of competencies) may
be formed. Therefore, when a learner, for example,
selects the qualifications of an IT business analyst it
means he should get a number of competencies (busi-
ness process analysis, system analysis, process mode-
ling, etc.) and a list of required courses may be formed.
There are different ways to form this list: minimize the
number of courses, minimize the duration, minimize
the price, etc. The learner should also have the option
to select courses him or herself.

Thus, it is possible to base the mathematical model on
the goal of obtaining a set of n competencies in m cours-
es. For each competency comp there is a set of courses
which provide that competency ({c,,...¢;),1 <i <m; and
vice versa, for each course there is a list of competencies
it provides { postcomp, ,..., postcomp,),1 < i < n. Moreover,
for each course there are lists of pre-requisite competen-
cies (precomp,, ..., precomp,), 1 <i < n.

For each course there is a value 0 < A4 <1, which de-
fines the difficulty of passing this course depending on
the share of required pre-requisite competencies for this
course having been obtained before the start.

Times required for obtaining competencies may be
defined as

T=CT-(1-H), )
T,
where T =| ... | — time for passing courses;
Tm
ct,
CT = — common time for passing courses;
CcT

m

H
H= — difficulty of courses.
H

m

1

The total time of passing all the required courses de-
pends on the limit of courses to study at once, and the
sequence of courses. And as soon as the total time de-
pends on how prepared a learner is for each course,
maximization of cross-usage of competencies by learn-
ing courses is a perfect way to determine their sequence
and minimize the total time. This means that competen-
cies provided by one course should be used by another
one and so on whenever possible.

The total price of studying the courses depends on the
total time because of the fixed costs per unit time (FC)
like payment for an Internet connection, device amor-
tization, etc.:

PRTora/ = ZPR + FC ' TTaral, (2)
i=1
PR

1
where PR =
PR

m

— prices of courses.

Knowing the cultural specificity of a learner makes it
possible to predict probable difficulties during a given
course and even the probability of successfully passing
an exam. Prediction of probable difficulties is possible
because of:

4 analysis of whether the learner has required com-
petencies;

4 analysis of correlations between the learner’s cul-
tural specificity and required competencies;

4 analysis of how learners with similar cultural char-
acteristics passed this course exam,;

4 analysis of which learner’s behavior correlates with
successfully passing courses.

As an example of the last type of analysis, several
courses from combined HarvardX and MITx person-
course academic year 2013 de-identified dataset’> were
analyzed using linear regression with the behavior pa-
rameters listed above. In Table 1, the listed regression
coefficients define which behavior patterns are more or
less important for passing the course. All of them have
p-value below 0.05, which means that all coefficients
are statistically valuable. The coefficient of determina-
tion (R?) defines which percent of the results may be ex-
plained by the model.

Such analysis allows us to directly support learners
having probably the wrong learning style or at least to
inform them about possible problems and their reasons.

2 https://dataverse.harvard.edu/dataset.xhtml?persistentld=doi: 10.7910/DVN/26 147
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Table 1.

Regression analysis of behavior leading to successful passing courses

omase. | Mamier, | ket | ofcmurse | ke

with course | 2Ctivity views studied P

Introduction to Solid State Chemistry | 0.81 0.479 0.182 -0.237 0.462 -0.007

Introduction to Computer Science and Programming | 0.78 0.370 0.406 -0.162 0.240 -0.005
Introduction to Biology | 0.75 0.814 0.173 -0.328 0.164 -0.021

Electricity and Magnetism | 0.82 0.676 0.341 -0.243 0.104 -0.006

Mechanics Review | 0.84 0.467 0.050 -0.043 0.454 0.017

Health in Numbers | 0.74 0.624 0.070 -0.295 0.424 -0.017

Human Health and Global Environmental Change | 0.67 0.793 0.031 -0.286 0.236 0.015

4. Adaptation of learning content

A learning course may be represented as a number of
learning materials (multimedia or text documents). Eve-
ry learning material should be divided into blocks. The
block is an atomic part of learning material which should
be marked by the most suitable ranges of Hofstede’s cul-
tural dimensions (one, two or even all six dimensions for
very specific content) and index within material. Such a
concept allows us to construct the most viable variant of
learning material for a given learner. For example, if we
describe the case of a company’s success, the personal
impact of a great leader may be focused for individual-
ists, while statistical data may be focused for those who
avoid uncertainty, etc. When the learner opens a docu-
ment, it should be prepared by selecting the most suit-
able block for each index value or the default if no suit-
able block is found.

Moreover, the learning material representation inter-
face may be adapted, too. There are five key points for
such adaptation [9]:

<> metaphors — typical images used in design;

< mental models — models of real life trains of
thought, the use of which is stimulated when using the
site;

<> navigation — features of moving within web pages
and between them;

<> interaction — specificity of human-computer inter-
action;

<> appearance — design features: colors, shapes, lay-
out, sounds, the use of multimedia, etc.

Adaptation on most of these points may be automated.
For example, computer vision algorithms (such as Cap-

tionBot powered by Microsoft Cognitive Services) allow
us to automatically describe pictures.

5. Mathematical models
and algorithms

Application of the adaptive content concept requires
some mathematical models and algorithms. The first
task that must be solved is how to predict the possibility
of successfully completing the course.

For solving this task, it is possible to use historical data
on how learners with different values on cultural dimen-
sions passed the given course exams. Logistic regression
may be used for analysis of such panel data. The binary
logistic model is used to estimate the probability of a bi-
nary response based on independent predictor variables:

3

In this case, the binary response is success or failure in
a course. Analyzing the statistics of previous students, it
is possible to discover how important different param-
eters are for success in a particular course and use the
measures of this importance (regression coefficients )
multiplied by values for current student x to predict his
result. The logistic function (or sigmoid) is:

P{y=1|x} = F(x,X,,...,x,),ye {0,1}.

1 1

1+

F= 4)

Cl4e @

e—(@xl +60,x,+..+0,x,)

Regression coefficients should be identified for every
course using historical data about course completion as
a training set. From the machine time cost point of view,
it makes no sense to recalculate regression coefficients
after getting the result for every new student, since its
impact will be very low. For example, the HarvardX and
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MITx de-identified dataset of academic year 20133 con-
tains more than 640,000 entries (each represents one in-
dividual’s activity in one edX course) for only 13 learn-
ing courses.

The next task is sequencing of courses. As was men-
tioned before, this algorithm should be based on maxi-
mizing cross-usage of competencies by learning courses.
The depth-first traversal is the most appropriate algo-
rithm for this task. It may build an optimal sequence
from the list of courses and competencies they require
and provide. The advantages of this algorithm are sim-
plicity and avoiding the non-optimality of usual search.

The last top-tier task is forming groups of students
with similar characteristics. This process may have dif-
ferent goals: from forming the exact number of groups
within one course to forming groups according to one
or several characteristics. For different goals, it makes
sense to use different clustering algorithms such as
K-Means, DBSCAN or Mean shift. Full descriptions of
the algorithms may be found, for example, in [13].

K-means clustering

This method of vector quantization aims to parti-
tion n observations (x,, x,, x ) into k < n clusters
§={S,,5,....8,} based on the nearest mean:

k
argmin’y 3+,

i=1 xeS;

(&)

where 4, is the mean of points in S,.
Advantages:

1. K-means clustering is NP-hard problem, howev-
er, there are efficient heuristic algorithms. That makes
K-means faster than most of other clustering algorithms.

Disadvantages:

1. K-means clustering requires pre-defined number of
clusters.

2. K-means clustering has strong sensitivity to outliers
and noise.

3. K-means clustering doesn't work well with a non-
circular cluster shape.

DBSCAN (Density-based spatial clustering
of applications with noise)

This algorithm groups points that are packed in space
closely (have many neighbors), marks points that lie

alone as outliers (low-density, nearest neighbors are too
far away). DBSCAN is one of the most cited in scientific
literature*.

Advantages:

1. DBSCAN does not require a pre-defined number of
clusters, opposing to k-means.

2. DBSCAN is able to find clusters of any form.

3. DBSCAN is robust to outliers.

4. DBSCAN requires only two parameters (¢ and the
minimum number of points required to form a dense re-
gion) and nearly ignores the order of entries being ana-
lyzed.

Disadvantages:

1. DBSCAN is not entirely deterministic

2. The scale and data must be well understood to cor-
rectly choose a meaningful distance threshold e.

Mean shift (mode-seeking algorithm)

This algorithm is a non-parametric feature-space
analysis approach for using discrete data for locating the
maxima of a density function, from which the data was
sampled. The mean shift algorithm is iterative and starts
with an initial estimate x:

z:)c,-eN()c
>

XK (x; —x)
)K(xl. -X) ’

(6)

m(x)=

X eN(x
where K is the weighted mean of the density in the win-
dow;
N(x) is the neighborhood of x (a set of points for which
K(x) #0).
The difference m(x) — xis actually called a mean shift.
Advantages:

1. The mean shift does not require a pre-defined
number of clusters, opposing to k-means.

2. The mean shift is able to find clusters of any form.

3. The mean shift requires only one parameter (the
size of the window).

4. The mean shift is well adapted for using a Gaussian
kernel.

Disadvantages:

1. Selection of a window size for the mean shift algo-
rithm is not trivial.

3 https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi: 10.7910/DVN/26147
4+ DBSCAN is on rank 41 within most cited data mining articles according to Microsoft academic search,

when accessed on: 21.08.2016
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Turning to the technical part, it is important to note
that a database is preferable for such service rather than
data storage, because the main type of queries will be se-
lection, not insertion of entries. Integration with existing
information systems (such as learning management sys-
tems of universities, etc.) may be realized via mediating
the replication layer and table triggers. Thus, any change
in one system may be replicated in a number of tables of
the other system. This makes it possible not to adapt the
service database’s structure for every integration.

Conclusion

Application of the adaptive content concept in the
described way may significantly improve an e-learning
process:

4 increase the apprehensibility of learning materials.
The process of e-learning does not provide such tutor
support as full-time education does; it is mostly an auto-
didactic process. Thus, it is very important to decrease the
psychological tension caused by feeling alone, having an
uncertain interface and unintelligible learning materials;

4 possibility to build an individual educational trajec-
tory;

INTERNET TECHNOLOGIES

4 possibility to form the learner’s competency profile.
Such a profile is also useful because, in fact, it is a ready-
to-use part of the CV.

Further problems to study are the following:

<> the need to prioritize the cultural dimensions dur-
ing formation of learning materials in the case of mixed
cultures (such as Chinese students studying in the USA
for a long time) and, consequently, the development of a
system of weighted coefficients;

<> problems related to differentiation of cultural
groups in the target audience (collaboration of repre-
sentatives of different groups, etc.);

<> the need to monitor the user’s satisfaction and to
make a forecast of changes in the user’s preferences on
the basis of data about users with similar parameters.

This publication is part of a series of works devoted to
the analysis of conformity of cultural specificity of tar-
get audience and methods of content and design adapta-
tion needed to ensure maximum comfort and ease of the
e-learning process for this audience. The result of the
entire work will be the development of a software envi-
ronment that facilitates the preparation and demonstra-
tion of content sensitive to cultural specificity. ®
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AHHOTanUA

B Hacros11ee BpeMst ppIHOK 3JIEKTPOHHOTO 00yYeHMST OBICTPO PACTET KaK B PMHAHCOBOM, TaK U B TeorpacnyecKoM
IJ1aHe. DJIEKTPOHHbIE 00pa3oBaTesibHbIE PECypchl BCE 4allle TMPUBIEKAIOT MYJIBTUKYJIBTYPHYIO ayIuTOPHIO,
CTaHOBSITCS AOCTYIHBI [UIS JIIOIEH C pa3IUYHbIM YPOBHEM 00pa3zoBaHusi. B To e BpeMs B pa3iUUHBIX KyJIbTypax
CYIIIECTBYET CBOSI CrielM(rKa BOCTIPUATHS WHGMOOPMAIINU U Pa3IMYHbIe TMOIXOIBl K 00pa3oBaTeIbHOMY TIPOIIECCy.
JaHHasi paboTa TOCBsllleHA WJUTIOCTPAIIMM BO3MOXKHOIO pELIeHUs] Ui alanTallid KOHTEHTAa 3JIEKTPOHHOTO
00pa3oBaTeIbHOTO pecypca Ui MYJIBTUKYJIBTYpHOU aynuTopun. OMucaHHOE pellieHre OCHOBAHO Ha TPUMEHEHUH
KOHIICTIIIMY aNalTUBHOIO KOHTEHTa [UIsl TOCTPOSHMS WHAMBUIYaJIbHOW 00Opa30BaTe/IbHOM TPaeKTOpUM U
MOJITOTOBKY KOHTEHTA B COOTBETCTBMM C MHIMBUIYAJTbHBIMU KYJIBTYPHBIMU OCOOEHHOCTSIMU OOYYalOLIUXCS U ero
KOMITETEHIIUSIMU (MMEIOIIIUMMUCS 1 JKEJTAeMbIMMU ).

B xonme wuccrnemoBaHusi Oblla pa3paboTaHa MoIenb OOpa30BaTEIbHOTO TMpoliecca, OPUEHTUPOBAaHHAs Ha
KOHKpETHOro ofyuarolerocst. B cratbe npeacraBieHbl KaK MOIEIb BEPXHETO YPOBHSI, TaK U JETalM3UPOBAHHAS
Momenb. B craThe Takke ONMMCaHbl OCHOBHBIC MPWHIUITEI (DOPMUPOBAHUS WHIWBUIYAIBHON 0Opa3oBaTeIbHOM
TPaeKTOpUM HA OCHOBAaHUU MMEIOLIUXCS W KelaeMbIX KOMIETEHLMI TOJIb30BaTeNsl U CTATUCTUUECKUX HaHHBIX
0 ero cTwie obyJyeHus. B kauecTBe MeMOHCTpallMM BO3MOXHOCTU TIPUMEHSTh UCTOPUYECKUE TaHHBIE O TOM, KakK
00pa3oBaTeNbHbI CTUJIb BIMSET Ha YCIEIIHOE 3aBeplIeHHE Kypca, MPUBEACH CTaTUCTUUYECKUI aHaIu3 TaHHBIX
00 M3yYyeHUU CTyOeHTaMH ceMu KypcoB Ha tardopmax HarvardX m MITx B teuenunm 2013/14 yyeGHoro roma,
MMOKAa3aBIIMI CTATUCTUYECKYIO 3HAUMMOCTbD 1I€JI0Tr0 psifia mapameTpoB. Takxke B paboTe MpPencTaBiIeHO CpaBHEHUE
AJITOPUTMOB, TPUMEHMMBIX JJIs1 OLIEHKU BEPOSITHOCTH YCIIEIIIHOTO 3aBepIIeHUsI Kypca 00ydJaroIuMCs B 3aBUCUMOCTH
OT €ro CTWJISI O0y4eHMUsl.

KiioueBbie ciioBa: 371eKTPOHHOE 00yYeHUE, KPOCC-KYIbTYPHBI KOHTEKCT, MATeMaTH4eCKOe MOJICJTMPOBAHME,
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