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FOREWORD

These proceedings contain the papers of the International Confer-
ence “Information and Communication Technologies in Business and
Education” which took place at the University of Economics — Varna,
Bulgaria, 18 October 2019.

The international scientific conference is dedicated to the 50th an-
niversary of the Department of Informatics at the University of Eco-
nomics — Varna. The conference is also dedicated to the 100th anniver-
sary of the University. The included papers describe recent scientific and
practical developments in the field of information and communication
technologies, information systems, and their applications in business and
education.

The papers in the Proceedings are peer reviewed and are
checked for plagiarism.
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BASIC SOFT COMPUTING METHODS
IN USER PROFILE MODELING

Petya Petrova’
! University of Economics — Varna/Department of Informatics,
Bulgaria, petya.p.petrova@ue-varna.bg

Abstract

User profile modeling is a challenge because of the high degree of subjec-
tivity and uncertainty of human behavior. The traditional methods used to create
user profile models do not have the necessary flexibility to capture the inherent
uncertainty. The purpose of this research is to present adequate methods for
modeling a user profile in their role as a learner. The soft computing methods -
neural networks, fuzzy logic, fuzzy clustering, neuro-fuzzy approaches and
genetic algorithms — applied individually or in combination with other machine
learning methods could be used for this purpose, due to the appropriate specific-
ity of each one of them. The results of a research on the suitability of the basic
soft computing methods for modeling a learner’s profile are presented in this

paper.
Keywords: Soft computing; User profile modeling; Learner profile model,
Student profile model.

INTRODUCTION

The main challenge in creating a profile model is due to the
relevance and precision of the information received from users.The
factors that influence the creation of an adequate consumer model are
data precision, application of the right methods, the level of data noise
and, above all, the degree of subjectivity and uncertainty of human
behavior. A user model is created through a user modeling process in
which the unobservable user information is derived from the observable
information from the same user; for example, using interactions with the
system (Zukerman, Albrecht and Nicholson, 2001; Frias-Martinez et al.,
2005).

The opportunities for creating user profile models in the current
academic work are specifically selected to provide an alternative to
creating a personalized student profile model. Further in the current
document the term "learner profile model" will be associated with "user
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profile model". They are classified on the basis of how human behavior
is represented as a model and what its purpose is. This largely depends
on the type of task the model will be used for. To choose the right model,
we stick to the following five types of tasks: (1) Forecasting. The ability
to anticipate the users need wusing their past behavior; (2)
Recommendation. The ability to offer interesting facts to the user based
on additional information that is not deduced from their previous
behavior (Frias-Martinez et al., 2005); (3) Classification. The process of
building a model in which data is grouped or classified into one of many
predefined classes (Potey and Sinha, 2015); (4) Clustering. Adaptation
with focus on a group of users. Groups with specific characteristics are
identified and clusters are formed on this basis. This is achieved through
clustering techniques so as to cluster user models since the group is
viewed as a cluster of similar user models. (Nguyen, 2014); (5) Filtering.
Selection of data that meets user preferences, derived from the whole
available user information. Each of the five tasks can be solved using the
knowledge contained in the user profile model. For example, consumer
data can be filtered based on the knowledge of their purposes and inter-
ests and classified based on predefined classes into stereotypes. Stereo-
types can be grouped into clusters similar to the model. From the result-
ing data a forecast can be made about the preferences of the user. Final-
ly, recommendation can be made that is a result of the knowledge gath-
ered and the information analyzed.

Creating a user profile model can be achieved in two ways: 1)
classic, where information is provided directly by the user, through a
survey, and 2) automatic, in which information is collected using an
algorithm embedded in the system for creating a user-model which is an
implicit process for the user. The second way is a more modern solution
and does not involve users answering questions. Machine learning
methods can be applied for automatic user profile modeling, using
techniques for recognizing patterns in the user behavior, recording them,
and integrating them into a profile. The results which the machine
learning methods provide are a summary of what has been learned and a
description of the knowledge gained. These facts can be used to analyze
the original data and make forecasts. From this point of view, data
mining and other machine learning methods make it possible to create
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user profile models automatically. Data Mining (DM) scientists provide
an overview of how traditional data mining techniques can be applied for
creating a user model (and in particular — a learner’s one) and the overall
architecture of such systems (Eirinaki and Vazirgiannis, 2003;
Atanasova et al., 2019). Romero et al. (2013) propose a model for
predicting student achievement using DM techniques such as grouping
rules and associative rules. DM is also widely used to model a student
profile whose primary purpose is to characterize the student through
their emotions, achievements, skills, learning preferences, and the
fulfillment of individual educational requirements by adapting the
teaching experience to match them better. (Lemmerich, Ifland and
Puppe, 2011; Nandeshwar, Menzies and Nelson, 2011). Another area of
DM application is student assessment, which allows students' skills to be
differentiated at a subtle level (Lopez et al., 2012). This also facilitates
student feedback and support (Leong, Lee and Mak, 2012). More
generally, DM can be applied for modeling the student profile regarding
their emotions in the context, engagement, meta-knowledge, and
collaboration tasks (Baker, 2014; Alexandrova and Parusheva, 2017).
However, the traditional methods such as machine learning and DM

cannot solve the problem of the uncertainty in the user behavior. Soft
computing methods family are designed to overcome this drawback.
They are suitable for solving problems and tasks in conditions of
inaccurate, unclear or noisy information; information for which accurate
data is not available or is based on partial truth (Gupta, Sinha and Zadeh,
2000). The idea of soft computing originates in 1991 when a scientist
working in the field tried to create a new kind of artificial intelligence. In
March the same year the Berkley Initiative on Soft Computing (BISC)
was created at the Berkeley Industrial Liason Program conference.
According to BISC, software computing consists of fuzzy logic, neural
network, evolutionary computing, etc. These methods are very suitable
for solving personalization tasks. Soft computing methods could be used
to perform research on the basis of qualitative metrics, so that indetermi-
nable data (such as perceptions, sensations, assimilation, success rate)
can be compared with real metrics resulting in good decisions in a given
situation. Below we will look at the application of precisely such
methods that use soft-computing means to model fuzzy uncertainties
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and, in particular, to look for personalization solutions when creating
user profile models.

The purpose of this research is to present adequate methods for
modeling a user profile in their role as a learner. Basic soft computing
methods are considered due to their appropriate specificity. They can be
used individually or in combination with other machine learning meth-
ods to meet the set goal.

1. SOFT COMPUTING METHODS
FOR USER PROFILE MODELING

1.1. Fuzzy Logic (FL)

Fuzzy logic has the ability to capture unstructured or ambiguous
information and to model it under conditions of uncertainty (Klir and
Yuan, 1995). Unlike traditional methods, FL stems from fuzzy set theory
which deals with reasoning that is more approximate than precisely
derived from classical predicate logic (Yan, Power and Ryan, 1994). It is
this specificity that enables FL to capture the uncertainty inherent in real
data. Not only the students' personal interests and behavior should be
taken into account when building a student’s profile, but also the way
teachers work, in order to maintain the balance between them and to
achieve a higher level of results based on the student's achievements. In
this regard, Yadav R. et al. (2011) propose a fuzzy expert system (NFES)
that distinguishes between a high 1Q student and a low IQ student. Its
main purpose is to modify learning according to each student's pace.
NFES has the capacity to make decisions, monitor the growth of each
student and determine the next step in their learning (Pal, 2014). The
Student Learning Assessment Model was created with the help of FL to
evaluate students' academic achievements by gathering information and
providing results for comparison with statistical value (Singh Yadav and
Singh, 2011). Researchers also focus on evaluating teacher’s
performance because teachers are at the heart of student achievement
(Moran, 2015). Through the use of FL, educators can assess a teacher
more efficiently than the current procedures. A number of researchers
have used fuzzy time series to predict and forecast student enrollments in
higher education institutions (Singh, 2015; Jilani, Burney and Ardil,
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2019). FL is also used for filtering. Fuzzy-filtering scientists offer a way
to match filtered data to the consumer interests and preferences as a
method of user personalization (Vrettos and Stafylopatis, 2001). Alt-
hough FL is not a machine learning technique, due to its proven ability
to capture uncertainty in humans and adapt it to the task of personaliza-
tion, it is permissible to use collaborations between soft computing and
machine learning methods when creating user models. Some examples
of these combinations are Fuzzy Clusters (see section 1.4.), Fuzzy
Association Rules, and Fuzzy Bayesian Networks. Through the Bayesian
Networks, a model has been proposed to discover the different styles of
student learning, as each student has their own learning behavior. The
results are more accurate and stable over the time compared with the
traditional methods. This model helps to model student’s profiles with
high accuracy (Garcia et al., 2007). It is also effective to capture the
teacher's gaps in assessment in order to avoid making the same mistakes
and to identify practices that will be useful in the future (Xenos, 2004).

Although the FL method is well suited for user profile modeling, it
faces some challenges in real-world applications. The main one is that it
does not have a data learning mechanism. This means that the
knowledge about the field of application must be explicitly given by the
designer. Neuro-Fuzzy Methods which will be discussed in another
section (see section 1.5.), are emerging as an approach to alleviate this
challenging situation.

1.2. Neural Networks (NN)

The neural network is an information processing approach that is
inspired by the way the biological nervous system and the brain process
information (Fausett, 1994). A key element of this paradigm is how
information is processed. It consists of a large number of highly
interconnected processing elements (neurons) working in unison to solve
specific tasks (Haykin, 1998). Soft computing methods, in particular
neural networks, can help to predict the content of elements in complex
nonlinear cases (Tarasov et al., 2018). NN can make sense from complex
and/or inaccurate data or from models that are too complex to be
explored by other computational methods. Another benefit is that they do
not need initial knowledge of the problem being addressed. These
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characteristics make the NN a method for modeling human behavior and
a suitable tool for creating user profile models. NN have been widely
used to create user models, mainly for classification and recommen-
dations, so that users with similar characteristics can be grouped together
and create profiles to made. Bidel, Lemoine, and Piat (2003) provide
some examples of classifying user models with NN, and Sas, Reilly, and
O'Hare (2003) recommend using the NN method for predicting
consumer behavior in a virtual environment. Due to the ability of NN to
capture any type of knowledge, they are also used for filtering and
forecasting tasks. The neural network can be used to provide forecasts
that present new situations and answer questions. Beck, Jia, Sison, and
Mostow (2003) model student behavior for an intelligent learning
system.

Although the number of successful applications created with NN is
significant, this method still has limitations in creating user profile
models. The main obstacles are the training time it takes to create a
model (in some cases, it can take hours or days) and the set of required
data. Training time can cause inconvenience in dynamic model prepara-
tion. Although there are techniques that can re-qualify NN, when
creating custom models it is usually re-qualified from scratch, ie. when
there is more information, a new user or a new document, this is added
to the system. Another disadvantage of NN is the limited interpretability
of their solutions. While other techniques, to varying degrees, can be
interpreted and manually modified, the representation of knowledge in
the NN is not easy to interpret. As a result, their application is avoided
when user-friendly models are needed.

1.3. Genetic and evolutionary algorithms (GA and EA)

Genetic and evolutionary algorithms are algorithms that include
search and iterative optimization of the solution. They are based on the
mechanism of natural selection in order to find the best possible
algorithm for solving a task. GA can be seen as an evolutionary process
and helps the exchange of the newly-discovered knowledge in the form
of genes between the individuals, as well as a mutation, thereby helping
to recover lost data or explore unexplored regions in the desired space of
solutions.They start with a set of potential solutions - population-forming
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chromosomes. They use the solutions of one population to form a new
one that is closer to the optimal solution of the problem under
consideration (Potey and Sinha, 2015). They can be used to build effec-
tive classification systems, algorithms for finding the associative rules,
and other similar tasks related to data collection. Their reliable search
technique has given them a central position in data mining and machine
learning. The approaches have been used primarily for recommendations
that can capture consumer goals and preferences in the form of rules.
Examples of this approach are given by Romero, Ventura, and de Bra
(2003) for student modeling, to capture user preferences for improving
web searches. They have also been applied for filtering and classification
as well as creating models which predict student’s achievemens. In the
student’s profile modeling, the primary role is played by the assessment
of the individual student. This process can be analyzed through GA and
helps to identify the most important factor affecting student’s
performance - their total achievement (Xing et al, 2015). Teacher
assessments also include student’s evaluations that have been recorded
throughout their academic careers. This process deals separately with
evaluations obtained on different grounds - theoretical, practical and
mathematical, which leads to more accurate results (Miranda Lakshmi,
Martin and Prasanna Venkatesan, 2013). Genetic and evolutionary
algorithms are more efficient than machine learning and data mining
methods. This is because GA perform global searches and thus handle
attribute interactions more successfully, whereas traditional methods use
local search.

The method considered is suitable for searching in large and
complex problem spaces but this creates a precondition for limitations
both in its computing power and in relation to its potential for dynamic
modeling and interoperable complexity.

1.4. Fuzzy Clusters (FC)

Fuzzy clustering has been intended as a method by which
unstructured and unclassified information is structured into clusters
based on any kinds of similarities. The clustering algorithm finds a set of
concepts that cover all possible examples.One of the most widely used
fuzzy clustering algorithms is the Fuzzy K-Means algorithm (Bezdek,
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1981). It has been used to evaluate students' performance in relation to
the entire academic career of teachers. The effectiveness of student’s
learning is based on the teaching methods of the teacher. This model
helps to refine some of the limitations of the traditional model.
Therefore, the K-Means clustering algorithm is also a suitable tool for
analyzing and monitoring changes in student’s work (Oyelade,
Oladipupo and Obagbuwa, 2010). There are two types of clusters for
creating user models: usage clusters and surfing clusters (Internet
behavior). The users grouping has a tendency to create clusters of users
that exhibit similar surfing patterns. In user modeling, FC are primarily
used for recommendations and classification tasks. This is useful when
personalized content is needed, such as demographic data or consumer
interests.

The main problem faced by cluster techniques is how to define the
concept of distance. In order to achieve this, thorough knowledge of the
researched subject area is required. When the method is applied for
modeling a user's profile, this task gets even more difficult because of
the nature of the data: user preferences and interests, interactions and
user behavior, success and progress when it concerns students, etc. On
the other hand, this data may not be available digitally which is another
limitation. The previously developed user profile models based on FC do
not completely have the fuzzy character of the method. This is because
the goal is more flexible and adaptable systems to be created and this
means finding more meaningful ways to collaborate between different
features and customization techniques, and grouping them into clusters.

1.5. Neuro-Fuzzy Method (NFM)

The neuro-fuzzy method is a combination between NN and FL. It
uses NN for training and FL for generating fuzzy conclusions. It applies
a process of fine-tuning of the membership rules and features of the
inputs and outputs derived from the NN which are used in user profile
modeling. This approach overcomes the disadvantages of NN and FL.
NFM automate the process of transferring expertise or knowledge based
on fuzzy rules (Jang, Sun and Mizutani, 1997). These methods are
particularly suitable for applications where user interaction is desirable
when designing or interpreting the model. Basically, FL-based systems
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include an automatic learning process provided by the NN. Along with
fuzzy logic methods, NN have also been used for evaluation purposes.
An Adaptive Neuro-Fuzzy Interference System (ANFIS) was developed
to improve the speed, reliability and flexibility that were lacking in
previous systems (Taylan and Karagdzoglu, 2009). This combination of
NN and FL can give accurate numerical results to predict student’s
performance. By evaluating student’s performance, it is easier to
distinguish between the ones that are at risk. On the other hand,
providing students with correct counseling and training will increase the
graduation rate (Herzog, 2006).

The combination of NN with FL forms an appropriate method for
creating user profile models. Drigas et al. (2004) propose an application
of the recommendation task by offering job positions to unemployed
people, using (as a basis) the data from the user profile and comparing it
with the enterprise profile. Another group of researchers use the
approach to solve the classification and recommendation problem by
planning the web content of a course according to the student's level of
knowledge (Magoulas, Papanikolaou and Grigoriadou, 2001). Although
NFM are designed to combine the positives aspects of NN and FL, they
still maintain some of their limitations. These mainly concern the time
required for training and application of the dynamic modeling.

2. SUMMARY AND SELECTION OF METHOD
FOR USER PROFILE CREATION

What has been presented so far demonstrates that each method has its
own specific opportunities for creating a user-model depending on what it
will be used for. The main advantage of soft computing methods is that
they have the ability to capture connections and relationships from implicit
data and model them for the purposes of the task at hand. Based on exist-
ing real data, soft computing methods are able to capture user plans, goals,
and preferences. The knowledge gathered can be applied to model their
future behavior and build a user profile model based on their general char-
acteristics under the format of data structures. The models created will be
able to use the ability of soft computing to mix different behaviors and
capture decision-making processes in order to implement a personalized
system that is more flexible and reasonable in terms of user interests.
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The different methods offer different opportunities and can be used
for different purposes, such as: FL - to derive goals and plans through a
mechanism for imitation of the human decisions; NN- to present general
characteristics resulting from the derived information and to create a
stereotype of the user on this basis; FC - for grouping users into more
than one stereotype at a time; NFM - to capture expert knowledge and
tune it in order to make assumptions for the user. Soft-computing meth-
ods can be applied to build a profile model individually or in combina-
tion with traditional machine learning methods.

In Table 1, we summarize the characteristics of the methods pre-
sented in six dimensions.

Table 1
Characteristics of the basic soft computing methods
for creating a user model
Computer | Dynamic Data Uncer- Noise Interpret-
complexity | modeling | quantity | tainty ability
Fuzzy Logic  |Medium  |Yes Missing  |Yes Yes |Low
Neural Net- . .
works High Yes Large Yes Yes |High
Genet-
ic/Evolutionar |High No Missing  |No Yes |High
y Algorithms
Fuzzy Clusters Medlum to No Medium to Yes Yes |High
high large
Neuro-Fuzzy |Medium to Yes Medium to Ves Yes Medium
Methods high large to high

The first three dimensions cover the major issues that are involved in
machine learning for creating a user model according to Webb, Pazzani and
Billsus (2001). Namely: 1) Degree of computer complexity of the applicable
method; 2) Dynamic modeling - whether the method allows the user profile
model to be adjusted or changed during the working process; 3) Quality of
the training data — it reflects the amount of data needed to create a reliable
profile model. The next three dimensions are characteristic for soft compu-
ting methods: 4) Uncertainty - whether the methods can handle and process
the uncertainty of human behavior when modeling a user profile; 5) Noise -
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The ability to process noisy data, ie. whether the methods can handle and
process the data noise; 6) Interpretability - the level of clarity of the results
generated by the method, i.e. the extent to which the captured knowledge is
easily interpretable by humans. Machine learning and DM researchers con-
sider interpretability as a common problem and critical point in creating user
models (Kim and Street, 2004).

The conclusion that can be drawn from Table 1 is that FL is a
dynamic and flexible method but also moderately complex and difficult
to interpret if used alone. NN have many advantages - they are easy to
understand, process noisy data and data generated under uncertainty but
require a lot of processing time. In contrast, NFM and FC hybrid
approaches have a medium to high degree of computational complexity,
have the ability to handle medium to large arrays of noisy data and
uncertainty and the end result is easily interpretable. GA and EA prove
to be the most inflexible and complex methods.

Table 2 presents the classification of soft computing methods in
terms of possible interpretation requirements, addressing the five main
types of tasks introduced at the beginning of this paper.

Table 2

Soft computing methods and requirements for interpretability
of various tasks

Task Required Not required
Forecasting Neuro-Fuzzy Methods;|Neural Networks
GeneticAlgorithms.
Recommendation |Neuro-Fuzzy Methods;|Neural Networks; Evolutionary
Fuzzy Logic. Algorithms; Fuzzy Clusters.
Classification Neuro-Fuzzy Methods Neural Networks; Fuzzy Clus-
ters.
Clustering - Fuzzy Clusters; Neural Net-
works.
Filtering Fuzzy Logic; GeneticAlgo-|Neural Networks; Evolutionary
rithms. Algorithms.

Two possible interpretability values are considered: Required or
Not required. They show whether the nature of the results obtained from
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the solution of the problem through the methods of soft computing are
understandable (does not require explanation) or not (require
explanation). They also show in which cases and under what methods
additional actions and specialized knowledge in the field are required.

Both tables can be used in combination to facilitate the choice of
method when creating a profile model. The process of choosing may
start with an overview of Table 2 which indicates the clarity of the
methods depending on the purpose of the task being solved and the
results achieved. Then Table 1 should be used to make the final decision
about which method or combination of methods will facilitate the
creation of the model.

CONCLUSIONS

With each passing day consumers, incl. and students, expect more
intelligent and personalized services. The key point in providing such
services is to capture user expectations, attitudes and interests and, on
their basis, to create a personal profile for each user which can be
automatically upgraded and can plan consumer behavior in the future.
Adequate creation of a user profile model depends on the implemen-
tation of adequate methods. Machine learning and DM methods are
suitable for automatically creating and identifying profiles and interests.
But their main disadvantage is that they lack the ability to capture and
process the inherent uncertainty of human behavior. To address this
aspect, soft computing methods are proposed as an adequate tool for
creating personalized user models.

This review shows that one of the major problems with designing a
user profile model is the lack of any type of standardization. In order to
improve this situation, the current document proposes a set of guidelines
that will form the framework for the design of user profiles based on soft
computing approach.

Soft computing methods in combination with machine learning
methods would achieve effective collaboration in modeling the natural
complexity of human behavior and have great potential to create a user
profile model.
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