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Abstract. The adaptivity provision in the web based e-learning systems nowadays 
is actual topic. Adaptivity organization can be done by grouping users into 
previously defined learner groups and by offering these group delegates the 
appropriate learning scenario. In this article a detailed description of group 
creation algorithm is presented. A learner group module is made based on the 
creation algorithm and implemented in Moodle system. It creates course learning 
groups and classifies learners into already existing groups. Group creation is done 
by using feature tree. Learner grouping helps to ensure fast system adaptive 
reaction according to learner characteristics and learning course features. The 
system offers each learner group their own course learning scenario appropriate to 
created groups. The created learner group module can be used both in the whole 
adaptive learning system knowledge area and in individual courses and course 
categories. 
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Introduction 

Adaptivity improvement in adaptive learning systems (ALS) is important to acquire 
knowledge. One of the ways of how to organize adaptivity is learner group creation and 
utilization in the learning process organization. In the ALS learner classification is used 
that is common for the all courses offered by the system and that is ensured with the 
help of system administrator [20]. 

In this article possible ways of how to create groups in the course are described, 
parallel to already existing learning groups that in the system are defined by 
administrator (for example, Moodle cohorts) or in a course – by teacher (for example, 
by dividing users into subgroups) that are based on learner characteristics and that are 
used for learning course content adaptation. Further in the paper the concept learner 
group (LG) describes the group, which has learners that are grouped by similar feature 
values and is used to ensure adaptivity in the system. The offered adaptation provision 
type essence is the following: course teacher chooses the system-offered features and 
their values to be used for group creation. Learner classification in group creation 
process is done by using learner feature tree (FT), so that all possible combinations 
from features and their values are created. The list of groups is saved in the system 
database table. When a new learner has come to the course, he/she is classified into 
already created group by features that describe this learner. The system offers him/her 
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appropriate course acquisition scenario based on a group that the learner was classified 
into. 

Learner group utilization (a) gives an opportunity to predict student achievements 
[25]; (b) identifies learners with a small motivation and offer them correct actions [1, 
10]; (c) gives an opportunity to predict what the learner knows and what doesn’t [9]; 
(d) gives fast adaptive reaction for new learners based on his/her group identificator to 
offer appropriate learning scenario for him/her. The system-offered scenario is not 
enforced. At any moment learner can manage his/her learning process by oneself, by 
choosing the best learning type from the system-offered activities and resources. 

The learning system basically consists of three main components: learner model, 
domain model and adaptive model [32]. Learner characteristic data are described in the 
learner model (LM) of the adaptive system. Learner knowledge structure is described 
in domain model. For more accurate use, in the paper domain model concept was 
replaced with the content model (CM) concept. In the adaptation model (AM) 
conditions that cause adaptive actions in the system are described. 

The paper is organized as follows. Section 1 describes learner model. Section 2 
presents content model logical structure. Section 3 describes the method of learner 
group creation that uses feature tree. Section 4 demonstrates learner group module that 
ensures learner group creation and learner classification into LG. Section 5 describes 
creation and utilization of the adaptation scenario. An experiment is described in 
Section 6, in which the learner grouping method was applied. Related work is 
presented in Section 7. Finally, conclusions and plans for future research are given in 
Section 8.  

1. Learner Model 

Data about learner are important for group creation. Data of this type are described in 
the learner model and are used to ensure adaptivity. In this paper LM data are important 
also to classify learners into created learner groups. 

1.1. Data Types 

The task of the learner model data is to describe a learner in a certain moment of time 
more precisely. LM data are connected with time dimension, in which data are actual. 
Based on the research [32] about the most often used data categories in the learner 
model and the research [30] about learner model data lifetime, in this paper the learner 
model illustrated in Figure 1 is used. The learner model data are divided into three 
classes according to its lifecycle or update frequency: BasicData, AdditionalData, 
LearningProcessData. The BasicData class contains constant or static data, values of 
which do not change over time or change very rarely. These data characterize LM 
PersonalData class and contain personal information about learner (for instance, login, 
password, name, surname, email, gender, date of birth, language, city, and country). To 
ensure system adaptivity, learner gender, language, and date of birth can be taken from 
the BasicData. 
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Figure 1. A class diagram of the learner model structure that is based on data lifecycle in the learner model 

 

The AdditionalData class shows learner individuality that is really essential in the 
adaptive learning system. This class contains such LM subclasses as PersonalityData, 
PedagogicalData, PreferenceData, DeviceData, and SystemExperience. The 
AdditionalData examples are: learner concentration skills, personality type, learning 
style, cognition types (PersonalityData), learning process organization data, for 
instance, study course, course topic sequence, course difficulty level, course grounding 
(PedagogicalData), course language and learning environment preferences 
(PreferenceData), and experience in utilization of the learning system 
(SystemExperience). In particular, AdditionalData are used to ensure system adaptivity 
functions. The more AdditionalData the adaptive system is able to collect, the more 
adaptivity it can ensure for the system user. Additional data are dynamic data. These 
data tend to change over time. User can change course difficulty level multiple times 
during one course depending on ALS implementation. 

The LearningProcessData class contains data about learner knowledge at the 
particular moment in time (CurrentMomentKnowledge) and data about learning 
process (HistoryData). The lifecycle of these data is the shortest, because during the 
learning process they are being changed and supplemented continuously. In the long 
run, the system is able to obtain new data about learner that are more qualitative. 

The LearnerModelCompleteData class contains all the information that the system 
“knows” about the learner at the particular moment in time. This class has been 
characterized by data from such subclasses as BasicData, AdditionalData, and 
LearningProcessData. In the case of adaptive system, learner model data actualization 
must be ensured [30]. 

1.2. Data Acquisition Types 

For more precise and full system description of the learner, it must anticipate different 
learner data acquisition types. Learner model can obtain data from: 

� The system user profile. This is a way to collect basic data that are not enough 
to ensure qualitative system adaptivity. 

� Quiz and test results. In this case – additional data, precision of which depends 
on correctness of the question formulation, interpretation and user honest 
attitude to a test. For example, in paper [33] intelligent ability data acquisition 
with the help of tests is described. 
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� User individual choice, when user chooses what he/she wants to see or use on 
his/her own [5]. In this case additional data are obtained. 

� Data export to external system. In this case, only data that the learning system 
understands and is able to use to ensure individual reaction are valuable. In 
case of export, additional data that describe user more precisely are acquired. 
For instance, data about learner acquisition from e-Portfolio system Mahara is 
described in the paper [30]. 

� The learner group existing in the system, which the learner was grouped into. 
When signing into the system for the first time, a user is grouped into one of 
the groups that are already described in the system by his/her features, for 
example, classification by knowledge: beginner, medium, expert. In this case, 
stereotype modeling method is often used [20]. Conclusions about the learner 
from group feature analysis can be done by obtaining additional data for the 
LM, which does not always contain precise information about the learner. 

� System-collected data about learner obtained during the learning process. 
Using data mining algorithms for these data, additional data are obtained. 

Table 1 shows data acquisition types for each learner data group depending on the 
described LM. From Table 1 one can conclude that there are a lot of additional data 
acquisition opportunities, which can be realized in adaptive learning systems. 

 

Table 1. Data acquisition sources for learning model.  

Data sources Basic data Additional data Learning process data 
User profile +   
Surveys and questionnaires + +  
Individual choices  +  
Data export from other system + +  
Learner group  +  
System learning process data  + + 

2. Content Model 

Content in adaptive systems is described by content models [4, 6, 16]. In this paper, the 
content model that is based on the learning objects and various resource format 
utilization is used (Figure 2). Learning materials are made of objects. Therefore, 
learning material is divided into parts - learning objects (LO). A learning object is a 
collection of content, practical and testing parts that combines elements based on the 
one learning goal [2]. A LO is a part of learning material, which is independent and of 
multiple use, necessary and sufficient to acquire demanded information. 

A learning course of the used CM consists of one or more topics. Each topic is 
made of one or more learning objects. Each LO consists of the learning object 
description, theoretical, practical, and assessment parts. The description represents the 
essence of the specific LO, its tasks, and its place in the course structure. The 
theoretical part contains offered knowledge and its representation types. For example, 
if Theory class attribute ContentType=Basic, then the basic content knowledge is 
offered by activities and resources. If attribute ContentType=Explanation, then the 
expanded content is offered. In this case, in addition to basic content, links to definition 
explanations are shown. The practical part contains activities that are necessary to 
strengthen the knowledge. A theoretical course can exist without practical part. The 
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assessment part of the LO is used for testing of the acquired knowledge. It offers 
activities to obtain the grade, for instance, a task or a quiz. 

 

Figure 2. Adaptive e-learning system class diagram of content model 

 

Each LO part contains different types of information resources and activities that a 
learner can use to acquire a LO. To strengthen and estimate knowledge, a learner is 
offered to accomplish certain activities such as exercise, task, or quiz. Resources are 
used to represent the offered knowledge. A wide variety of resource types is described 
in the content model, which is composed based on the learning style data of a person 
(Figure 3). For example, if a learner has Aural learning style, then resources with 
ResourceType=Listening are offered in the LO theoretical part. Such resources are 
audio recordings and audio conferences. 

 

 
Figure 3. Resource types used in the theoretical part of the learning object and depending on the learning 
style of a person  

3. Learner Group Creation  

Web-based learning systems ensure access to a lot of people. To obtain fast system 
reaction, in many learning systems learner classification is implemented by means of 
previously-defined groups (stereotypes) [26, 29]. Each learner is described with a 
specific set of properties that are called features. Before the system classifies a user in a 
group, the described learner groups need to be defined in the system. Groups are 
created using grouping method. The grouping is a unification of researched values by 
their existing features and obtaining homogeneous groups. Classification is a mapping 
from the feature space X to a set of labels (or classes) Y [14]. The learner classification 
takes place when the system executes the classification algorithm, and grants each 

V. Vagale and L. Niedrite / Learner Group Creation and Utilization 193



learner a group number (name). The learner data that are important to ensure system 
adaptivity are mapped in the previously defined feature sets. Classification is realized 
with classificators. The classificator is a coding model of criteria set that allows the 
data instance to grant a particular class according to some variable values [17]. There 
exist different methods for classificatory construction, for example, decision trees, 
nearest-neighbor classifiers, etc. [17, 25, 27]. 

3.1. The Method 

In this paper a method to model LG in the ALS dynamically is used employing a 
feature tree for learner classification. Grouping features obtained by the offered method 
from conditions written in the AM that use characteristics of a learner. Either all 
obtained features or only part of them can be used for group creation. Knowing the 
features and the number of their possible values, all possible combinations from 
features and their values are calculated, thereby, obtaining different learner groups. 

The creation of LG is based on four steps: (1) choosing the feature (only one) that 
will serve as a basis for creating groups; (2) determining the set of all possible values 
for each feature; (3) creation of FT to classify learners using chosen features and their 
sets of values (feature sequence does not affect the tree creation); (4) identification of 
learner groups that are obtained using lower level nodes of the tree structure. 

More information about the proposed method and its utilization scenarios is given 
in paper [31]. Practical implementation of this method is described in the 4th Section of 
the paper. 

3.2. Application of the Method 

The offered method for creating groups can be used for different number of features 
and their values. A simple example is a group that is created based on three features. 
Out of all system-intended adaptation types in the paper only the ones that are used in a 
course learning object (in the simplest case - one topic) will appear. New learning 
groups will be created based on the above-described learner model. These groups will 
be made based on the data about basic knowledge in each individual learning course 
(PedagogicalData); course difficulty level (PedagogicalData) and learning styles from 
LM class PersonalityData. 

Each course pre-knowledge (PK) is defined in the course description. Each learner 
PK can be found: (a) by analyzing external system data about the learner; (b) by learner 
testing; (c) by using learner’s individual choice. Course difficulty level (DL) is used to 
give a learner the opportunity to choose the maximum course grade that is acceptable 
for him. In the system, offered task, test difficulty level, and course final grade depend 
on the chosen DL. The user individual choice is used for DL value acquisition. 
Learning styles (LS) can be defined using testing and data mining algorithms. LS 
define system-offered resource types. 

In the example, the “Pre-knowledge” feature has two possible values in the learner 
group classification. If the learner has any pre-knowledge in some course, then PK=1, 
but if he/she has no pre-knowledge, then PK=0. Course difficulty level can take the 
following values: DL=L (Low), DL=M (Medium), or DL=H (High), where DL=L is 
the lowest (easiest) course difficulty level, DL=M is the medium level and DL=H is the 
highest (toughest) level. The feature “Learning styles” can take values: V, A, R, K, VA. 
These values show what kind of information the learner prefers to perceive. V (Visual) 
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means visual information, perceived by looking, A (Aural) – hearing, K (Kinesthetic) – 
by working and VA (VisualAural) – looking and hearing. 

The feature tree structure is composed from the selected features and their value 
sets. In the node of the highest level it has an arbitrarily selected feature that is taken 
from the group creation features. The feature selection sequence has no essence. In the 
highest level, the observed example has the feature “Pre-knowledge” (Figure 4). Then, 
depending on the possible value number of the written feature (for pre-knowledge - 2), 
two sub-nodes are created. The transition is made according to „Pre-knowledge” 
values. The next arbitrarily chosen feature is written in the created nodes (in this case, 
it’s „Levels of difficulty”). Course difficulty level has three values, which is why three 
edges that have end points in “Learning styles” go out of this node. The possible value 
number of this feature is five, which is why five edges go out of each node. Since all 
the features are already used in the tree structure, the lowest level contains nodes with 
group names. In the example, groups are named „G1”, „G2”, ..., „G30”. The result is a 
feature tree that helps to identify learner’s affiliation to a specific learner group. 

 

Figure 4. A feature tree where the feature hierarchy with all possible values and the obtained learner groups 
below is shown 

 

Figure 4 shows only the left branch of FT that represents 15 groups. The same 
number of groups is obtained in the right branch. The observed examples provide 30 
different groups according to learner pre-knowledge (2 values), course difficulty level 
(3 values) and learning style (5 values). Figure 4 shows that the group „G15” includes 
all learners who have some pre-knowledge in the course; they have chosen the highest 
difficulty level of the course and they all have visual-aural learning style. 

The application of FT gives an opportunity to create learner groups based on 
different constant features and their values. For example, if adaptation is ensured only 
by age feature with three value ranges, then three learner groups will be defined. In this 
case, if learner age (3 values), learner pre-knowledge (2 values), course difficulty level 
(3 values), and learning styles (5 values) are used for adaptation, then adaptive system 
will be required to adapt to 90 learner groups. 

4. Learner Group Module 

LG module that was implemented in a free learning management system Moodle was 
made for learner group management. The main functions of LG module are: (a) learner 
group creation within one course and (b) group identificator allocation for new course 
users depending on specific learner characteristics. 
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LG module is available in Moodle course page for users with a course teacher role. 
Two new tables „clg” (course learner groups) and table „clg_members” were created in 
the system database as a result of module activities. Table „clg” stores descriptions of 
the created LGs. Table „clg_members” contains a list of course learners and their LG 
identificator. A module obtains data for LG creation from the AM. Data about specific 
learners are taken from that part of database responsible for LM. The created LG 
module interaction with the system components is shown in Figure 5. The grey figures 
show new components of the system. Bullets show the data flow directions. 

 

Figure 5. LG Module interaction with existing system components 

4.1. Learner Group Creation 

At the beginning of the course learner groups, which will be used later for a new 
learner classification, are defined. LG module collects learner features from adaptation 
model. In the AM system adaptive reactions, conditions of which contain data from 
LM, are described. A module creates LG from AM data and course teacher choices. 
The feature tree described in the 3rd Section is used for group creation. Created groups 
are saved in the system database table „clg” (Figure 5).  

Working principle of the LG module for learner group creation is shown in Figure 
6, where colored figures represent module communication with other components of 
system. LG module operates in accordance with the following algorithm: 

1. All learner features, which are necessary for the system to ensure adaptive 
reaction, are obtained from AM. 

2. Course teacher chooses a feature that will be used for group creation from the 
list of obtained features. Feature selection sequence is not important. 

3. The AM gives a set of values for the chosen feature. 
4. If a teacher wants to continue and there are still unused features, then a teacher 

returns to step 2. If all features are already used or teacher does not want to 
continue group creation, then a teacher proceeds with step 5. 

5. Creation of different variations using chosen features (LG creation). 
6. Created groups with their features are saved in table „clg”. 

 

Figure 6. An algorithm of creation of the LG module learner group 

4.2. Learner Group Identificator Assignment to Learner 

If a course has already defined learner groups, then the LG module classifies learners 
into LGs. It happens only when a learner enters the course for the first time. Learner is 
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assigned a group identificator based on the course-organized learner groups and learner 
characteristics. Two arrays are used to find LG identificator. One of them is a two-
dimensional array „aclg” (array course learner groups) with values of course learner 
group features. The other one is a one-dimensional array „ald” (array learner data) 
with feature values belonging to the new learners of the course. The one-dimensional 
array is compared with each row from the two-dimensional array. As the result of row 
comparison, value coincidence checksum CSum is obtained. CSum value is saved in 
the one-dimensional „result” array. Learner group conformity for a specific learner is 
defined by the highest checksum value index of the „result” array. 

A more precise new learner classification in already existing learner groups is 
shows in Figure 7. LG module does the following actions to execute this task: 

1. The module checks whether a course has any already created groups. 
2. The next step follows only if a course has learner groups, otherwise, the 

module ends its job. 
3. „aclg” array is created using „clg” table data. 
4. „ald” array is made; there the module stores data about the classified learner in 

a specific sequence that corresponds to „aclg” array feature sequence. 
5. A not examined row of the „aclg” array is taken. 
6. Zero is assigned to the checksum (CSum=0). 
7. Comparison of the feature value in the taken row of the „aclg” array and the 

corresponding feature value in the „ald” array. 
8. The checksum value is increased by one, if the feature values coincide, 

otherwise, CSum value does not change. 
9. Returning to step 7, if uncompared features still remain, otherwise, the next 

step follows. 
10. The obtained checksum is saved into „result” array. 
11. Returning to step 5, if uncompared rows still remain in the „aclg” array, 

otherwise, the next step follows. 
12. The highest value index of the „result” array is found. 
13. A necessary group identificator is found by array value index (serial number). 
14. The obtained LG identificator is assigned to a learner and the obtained 

conformity is saved in the „clg_members” table. 
 

 
Figure 7. An LG module group identificator searching algorithm 

5. Learner Group Utilization 

After classifying the system user in a specific learner group the system offers an 
appropriate adaptation scenario depending on the group description. A scenario is a 
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textual description of the typical sequence of activities that is produced by a system 
participant (actor) [21].  

In section 3, 30 learner groups were obtained based on three learner features: 
course pre-knowledge, course difficulty level and learning style. System should offer 
an appropriate adaptation scenario to each obtained group. In the adaptation model 
described the learner and the content model element value match is used for scenario 
acquisition (Table 2). For example, if the learner has some pre-knowledge (PK=1), then 
E=0, thus, the basic concept definitions will not be shown when composing course 
topic (LO) content. 

 

Table 2. Learner model feature and content model value mapping to ensure adaptive reaction of the system. 

 
Using the value mapping described in Table 2, there is a certain adaptation 

scenario generated for each group. The corresponding scenarios of the created learner 
groups are described in Table 3 using set S where S={Theory(BasicContent), 
Theory(Explanation), Practice(Exercise), Assessment(Task), Assessment(Quiz)}. For 
instance, S30={WL,1,H,H,H}. 

 

Table 3. Scenarios for adaptation of course topic content of 30 learner groups, practical part, and evaluation 
part, obtained in the result of grouping. 

Group name Scenario Theory Practice  Assessment 

  Basic 
 (RT) 

Explanation  
(E) 

Exercise  
(A) 

Task  
(A) 

Quiz  
(A) 

G1 S1 R  0 E E E 
   ...    

G15 S15 WL 0 H H H 
   ...    

G30 S30 WL 1 H H H 
 

If a new user logs in the system and chooses a learning course entering it for the 
first time, then, the system obtains the data about his/her learning styles and the course 
pre-knowledge (tests, external system, user choice). After that user has to choose the 
course difficulty level that will affect his final grade in the course. Then, the system 
classifies the learner into one of the created groups. For example, if a user was 
classified into group G1, then he/she will experience the adaptation scenario “S1”, 
where S1={R,0,E,E,E}. This scenario implies that the representation of the course topic 
content will be provided using LO content resources from “Reading” category. These 
resources are „Documents”, „Websources”, and „DigitalPress” (Figure 3). In the topic 
content, definitions of the concepts will not be included automatically. Appropriate 

Learner characteristics Values Values Adapted parts of the LO 

Pre-knowledge (PK) PK=1 (Yes) E=0 (No) Theory(contentType=Explanation) PK=0 (No) E=1 (Yes) 

Levels of difficulty (DL) 
DL=L (Low), A=E (Easy) Practice(activityType=Exercise), 

Assessment(activityType=Task), 
Assessment(activityType=Quiz) 

DL=M (Medium), A=M (Medium) 
DL=H (High)  A=H (Hard) 

Learning styles (LS) 

LS=R (Read),  RT=R (Reading) 

Theory(contentType=Basic) 

LS=V (Visual), RT=W (Watching) 
LS=A (Aural), RT=L (Listening) 
LS=K (Kinesthetic), RT=D (Working) 
LS=LW 
(VisualAural) 

RT=WL 
(WatchingListening)
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practical tasks will be selected in the practical part, difficulty level of which will be set 
to “Easy”. The task/test offered for topic grade acquisition will also have the difficulty 
level “Easy”. More information about LG utilization scenarios is given in paper [31]. 

6. An Experiment 

LG creation and learner classification in existing groups was tested in terms of the 
experiment on 30 participants with bachelor degree in “Information technologies” 
study program from the Daugavpils University. LGs were created with the help of LG 
modules in “Basics of Programming” course by such features as: pre-knowledge in the 
course, course learning level, and learning styles. The data about the new learners of 
the course that were missing for LG creation were obtained using tests and user 
individual choices. 

Learning style can be defined as a way of how a person obtains, processes, and 
organizes information [7]. Different learning style models such as Felder-Silverman 
Learning Style Model, model by Kolb, The Myers-Briggs Type Indicator, Herrmann 
Brain Dominance Instrument and others [19] exist. In the paper the VARK model was 
used for LS determination, because: (a) it is based on learner dominant sensor systems 
[18]; (b) this model is successfully implemented in the papers [13, 15]; (c) its 
realization is simple from technical view and the results can be easily interpreted. 

The survey that was integrated into the system was taken from the official VARK 
site. Learning styles were identified with the help of this survey - Visual, Aural, 
Read/Write, and Kinesthetic. Learning styles with one or more equal values (two, three 
or four different combinations of learning styles) were obtained as a result of the test. 
In the described adaptive system, only style combination Visual-Aural has implied 
adaptive reaction by offering resources that can both involve listening and looking. All 
other learning style combinations were reduced to one style. Based on the research 
described in the papers [3, 24, 28], learning styles were ranked as follows by their 
frequency: Kinesthetic, Aural, Visual, and Read. That is why, if the obtained style 
combination has K in it, then this combination is reckoned in the Kinesthetic style, for 
example, VK, AK, RK, VAK. VAR style combination was added to VA, AR 
combination – to A, and VR – to the Visual style. Remaining combinations that contain 
style R were added to the Read style. 

The results of testing showed that 20 out of 30 students (67%) prefer only one 
learning style: 11 students – Aural, 5 students – Read, 4 students – Visual, and no one –  
Kinesthetic style. 10 more combinations were obtained from two styles (33%): 1 
student – AK, 3 students – VK, 2 students – VR, and 4 students – AR. Additional styles 
were obtained by reducing tested learner style combinations to one style: K 4 (from AK 
and VK), A 4 (from AR), V 2 (from VR). Testing results showed that A=16 (53%), 
V=6 (21%), R=4 (13%), and K=4 (13%) students. Only 11 out of 30 respondents 
(37%) had some pre-knowledge in the course. The Medium difficulty level was chosen 
by 13 students (43%), and High – by 17 students (57%). None of the students selected 
the lowest level. 

Using LG module experiment participants were classified into 12 groups. The 
majority of the students (6) were grouped into group G28 (PK=0, DL=H, LS=A). Four 
learners were classified into groups G23 (PK=0, DL=M, LS=A) and G13 (PK=1, 
DL=H, LS=A). Relying on these data, it can be concluded that students had high 
motivation to learn this course. Then, each of the groups G12 (PK=1, DL=H, LS=V) 
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and G24 (PK=0, DL=M, LS=K) had 3 students. Two students were classified into 
groups G11, G21, and G22. Only one student was classified into groups G6, G8, G27, 
and G29. 

7. Related Work 

In many adaptive learning systems learner knowledge is used as an adaptation source 
[5, 22]. Knowledge representation and actualization is done using models like 
stereotype, overlay, combination, differential, perturbation, plan, and other models [12, 
23, 32]. For example, in the paper [20], a stereotype model is used to offer knowledge 
that is modeled using the learning pattern. Users are divided into the following 
categories: beginners, intermediate level, and expert level users. The system adapts 
their preferences based on the category that they are related to. 

UNIX Consultant user modelling component KNOME uses double-stereotype 
system, where the user expertise and information difficulty level are represented. 
Expertise groups are: novice, beginner, intermediate, and expert. Information difficulty 
levels are: easy, medium, and complex. The relations between user stereotypes and 
knowledge difficulty levels are described based on the data about users or their 
activities in the system [9]. 

Individual learning styles are widely used to ensure ALE adaptivity. In the paper 
[11] 71 learning style models are identified and 13 out of them are declared as the main 
models. In the paper ���� a comparison of 5 learning styles is given: Kolb (experiential 
model), Gregorc (phenomenological model), VARK (sensory/perception model), 
Felder-Silverman (combines experiential, phenomenological and sensory models), 
Dunn and Dunn (combines elements from all four). The composite table of styles, 
where the classification of the most popular learning styles is represented and common 
style elements by general commonality of terminology and theoretical comparability 
can be observed, is described in this paper. 

The author of the paper [22] categorizes learners by style (Felder-Silverman) and 
thinking style (Herrmann model), which divides the brain into a four-quadrant brain 
dominance model: Quadrant A, Quadrant B, Quadrant C, and Quadrant D. Online 
course supply that is based on VARK learning style is described in the paper [13]. 

Learner classification is widely provided using data mining methods. The decision 
tree classification algorithm C4.5 to classify students into different groups with equal 
final grades is used in the paper [27]. Student success is evaluated to foresee student 
achievements by the end of the semester with the purpose to determine which of the 
learners needs special attention based on the information about student visits, class 
tests, workshops, and grades, by means of the decision tree [1]. 

In the paper [7] the decision model is organized using Dynamic Bayesian Network 
that determines conformity between learning style (Felder-Silverman) and learning 
resource to decide, whether respective resource is interesting for student or is not. To 
determine style, students have an opportunity to accomplish a test. If it does not 
happen, the style is chosen according to the used learning resource from the described 
decision model. 

The mechanism to classify learners that is based on k-nearest neighbor and genetic 
algorithms is offered in the paper [8]. Authors use data about elementary school 
students and determine student learning style for group classification. Students are 
divided into three groups: dilatorily type (students that spend more time looking at the 
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learning units), transitory type (spend very short time for browsing), and persistent type 
(browsing depth is the highest). 

8. Conclusions and Future Work 

In this paper a method to create learner groups based on the feature tree is described. 
Features are selected according to adaptation conditions described in the adaptation 
model. The offered method is suitable for adaptive e-learning systems, which activity is 
based on learner group utilization.  

Benefits from the offered LG organization type are the following: (a) Features and 
the number of values for LG creation can vary. This approach gives an opportunity for 
the organized adaptivity of a different type to exist in parallel in the system. (b) The LG 
module ensures the opportunity in each course to organize its own LGs that help to take 
into account course specificity. This approach was not found in any of related works. 
The offered LG organization type does not rule out an opportunity to organize LG in 
the bigger ALS knowledge area, for example, in some course category or united in the 
whole system. (c) The parallel existence of different LGs in the system gives an 
opportunity to organize adaptivity not only on the learner level, but also on the course 
level, when each course has its own LGs. (d) Fast adaptive reaction provision that is 
achieved for all learner groups by offering the system-created adaptation scenario. 

The offered learner grouping method was experimentally tested having student 
classification organized into LGs by three features: pre-knowledge in the course, course 
learning difficulty level, and learning styles. Conclusions from the obtained learner 
data were: (a) in the course ”Basics of Programming” only 37% of the learners had pre-
knowledge, (b) 43% of students were satisfied with course learning in the medium 
level, but 57% wanted to get the highest course evaluation. These two indicators show 
the high student motivation in learning the programming course. 

The learner group and adaptation scenario conformity that is offered to a learner 
still needs to be tested. When collecting data about the course results in the long term, 
the system could offer to choose between pre-created LG adaptation scenario and “the 
best” adaptation scenario. “The best” adaptation scenario is the one that was used by a 
specific group of learners to achieve the highest grade in the course. A learner always 
has an opportunity to decline the offered adaptation scenario and organize the course 
learning on his/her own. The future research will be directed to: (a) test the correctness 
of learner classification into learning groups, (b) offer “the best” adaptation scenario, 
and (c) find out whether the style combination reduction used in this paper is correct.  
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