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Abstract. We present Adaptive Bayes, an adaptive incremental version of Na-
ïve Bayes, to model a prediction task based on learning styles in the context of 
an Adaptive Hypermedia Educational System. Since the student’s preferences 
can change over time, this task is related with a problem known as concept drift 
in the machine learning community.  For this class of problems an adaptive 
predictive model, able to adapt quickly to the user’s changes, is desirable. The 
results from conducted experiments show that Adaptive Bayes seems to be a 
fine and simple choice for this kind of prediction task in user modeling.  

1   Introduction 

Over the past few years, there has been an increasing interest to include assump-
tions about the learning style into the student model. Learning style can be defined as 
the different ways a person collects, processes and organizes information. This kind of 
information helps more effectively adaptive systems to decide how to adapt its naviga-
tion and its presentation, thus enhancing the student learning. As usual, the systems 
modeling learning styles acquire this information explicitly inquiring the students 
through one of the existing psychometric instruments. In most of them, these acquired 
assumptions are no longer updated during the future interactions between the student 
and the system. By matching a learning style with some relevant characteristics of 
learning resources, these systems [e.g. 1] can determine what type of resources are 
more appropriate to the student, hence adapting their contents. In general, the rules 
defined in their decision models never change. However, it is a fact that the student 
preferences of certain types of multimedia resources or learning activities can change 
over time. So, this prediction task, which consists in determining what kind of learn-
ing resources are more appropriate to a learning style, can be related with a problem 
known as concept drift.  This problem has been discussed in several works about the 
use of machine learning for user modeling [4, 5]. In concept drift scenarios, the most 



recent observations become more important for the learning algorithms. Therefore, an 
adaptive predictive model is desirable. 

 In this paper we show that Adaptive Bayes, an incremental adaptive version of the 
Naïve Bayes, can be used in this student-modeling task. The main difference between 
the incremental Naïve Bayes and this new adaptive approach is that it includes an 
updating scheme, making it possible to adapt the current model to new data. Experi-
ments with simulated concept drift scenarios in this context compare Adaptive Bayes 
with its non-adaptive version. These experiments were conducted using artificial data-
sets, which were generated to simulate the changes in the student’s preferences.  

2 The GIAS’s system 

GIAS evolved from a non-adaptive web-based tutorial in Plane Geometry that was 
planned for math students of the University of Aveiro. First we begin to investigate its 
conversion into an adaptive tutorial system. Since the creation of these systems re-
quires a lot of effort we decided to design GIAS as an authoring-tool to support learn-
ing and teaching. The authors can make use of the existing online learning resources 
to enhance the learning processes of their students. The adaptation techniques are 
focused on the appropriate selection of the course’s topics and learning resources 
based on the student’s goals, knowledge level, learning style and preferences.  

GIAS has three main components: the Domain Model, the Student Model and the 
Instructional Module. The Domain Model is composed by the cognitive model for 
knowledge representation and by the course model for course representation. The 
latter is organized into three-layers: goal layer (the course’s goals), topic layer (the 
course’s topics) and the resource layer (a set of learning resources associated to each 
topic). A learning resource can be defined as the implementation of a learning activ-
ity (e.g. Historical Review) in a multimedia support (e.g. HTML text). The learning 
resources are discriminated according to its difficulty level. The Student Model is 
composed by three components: the student profile (stores information such as name, 
age, learning style, etc), the cognitive overlay (records the system’s beliefs of the 
student’s knowledge) and the course overlay (stores information about the student’s 
interaction with the system). To model the student’s learning style we have adopted 
the Felder-Sylverman model. It classifies students in five dimensions: visual/verbal, 
sensing/intuitive, sequential/global, inductive/deductive, active/reflective (we use only 
the first three dimensions). To acquire the student’s learning style we use the Index of 
Learning Styles Questionnaire (ILSQ) [2]. It helps us to classify the preference for 
one or the other category as mild, moderate or strong. Finally, the Instructional Mod-
ule includes three main processes: course generation, topic generation and test gen-
eration. These processes implement the adaptive algorithms based on the information 
stored in the student model and in the domain model.  



3 The prediction task based on learning styles. 

In this paper we focus on the topic generation decision process. The choice of the 
suitable learning resources for a topic depends on the resource’s characteristics and 
on the student’s knowledge level, learning style and preferences. This process is per-
formed in three steps: 1) selection:  using ‘if-then-else’ rules, the learning resources 
are filtered according to the matching between the resource’s difficulty level and the 
student’s knowledge level; 2) prediction: using the actual predictive model, each se-
lected resource is classified into two classes: ‘appropriate’ or ‘not appropriate’ based 
on the resource’s characteristics and the student’s learning style; 3) decision: deci-
sions about how to adapt are taken based on these predictions.  

We propose to employ Adaptive Bayes, an incremental version of Naïve Bayes, as 
our predictive model. It includes an updating scheme, making possible to adapt the 
current model to new data. After seeing each example, the model is updated according 
to the discrepancy between the predicted class and the correct class with the aim to 
increase the confidence on this last one.  In a previous work [3] we have evaluated 
Adaptive Bayes in both, an incremental and an on-line framework using 23 problems 
from the UCI repository. In both frameworks, the obtained results showed significant 
gains in accuracy in comparison with its non-adaptive versions.  

The examples are described through 5 attributes: the first three characterizing the 
student’s learning style and the last two characterizing the learning resource. The 
possible values for each attribute are presented in the Table 1.  

Table 1. Establishing attributes and their possible values 

Attributes Values 

Characterizing the student’s learning style 
VisualVerbal   VVi, VV ∈  {Visual, Verbal}, i ∈  {mild, moderate, strong}   
SensingConceptual  SCi, SC ∈  {Sensing, Conceptual}, i ∈  {mild, moderate, strong}  
GlobalSequential GSi, GS ∈  {Global, Sequential}, i ∈  {mild, moderate, strong}   
Characterizing the learning resource 
Learning Activity 
(LA) 
 

Lesson objectives/Explanation/Example/Conceptual 
Map/Synthesis Diagram/ Glossary / Summary /Bibliography 
/HistoricalReview /Inter.Activity 

Resource Type 
(RT) 

Text/HTML Text/Picture/Animated Picture/ Animated Picture 
with Voice/ Audio /Video /Software  

 
For each student his/her predictive model is maintained. The topic generation 

process is executed whenever a student requests the contents of a topic. During this 
process his/her actual predictive model is used to classify the available resources. 
Since the classifier returns probabilities, all the resources of a same class can be 
ranked according to these probabilities. As a result, a HTML page is sent to the stu-
dent including two separated ranked lists with the resource’s links: a ‘resources sug-
gested for study’ list with the links for those resources classified as ‘appropriate’ and 
‘other resources for study’ list for those resources classified as ‘not appropriate’. 
Whenever possible, the correct class is obtained based on the observations about the 



user’s choice of links:  visited links are taken as ‘appropriate’ (positive examples). 
Obtaining a relevant set of negative examples is more difficult. To obtain more exam-
ples we suggest to the students to rate the resources explicitly. The obtained examples 
are used to update the student’s predictive model.  

4 Experiments 

In order to compare the performance of Adaptive Bayes against its non-adaptive 
version we have conducted experiments simulating concept drift scenarios in the con-
text of the described prediction task using artificial datasets. These datasets were 
generated to simulate the changes in the user’s preferences, a fact that really exists in 
this context. To simplify the model we don’t discriminate the preferences for a learn-
ing style category. Hence, the number of different learning styles is equal to 23, which 
corresponds to the number of datasets evaluated for each algorithm. For each learning 
style, examples were randomly generated and classified according to the current con-
cept. After N examples the current concept changes. With this aim, a sequence of rules 
“if-then-else” (R1-R2-R3-R4) was defined. By matching a student learning style with 
the resource’s characteristics, these rules allow to determine whether a learning re-
source is appropriate for the student. The basic idea enclosing in this simulation is: 
for instance, a verbal student should feel more comfortable with a kind of learning 
resources that matches with his/her learning style (e.g. a learning resource 
implementing a learning activity  “Historical Review” in a support “HTML Text” 
should be appropriate for a Verbal student). We can define the following rule:   

IF LearningStyle Is Verbal AND
(ResourceLearningActivity OR ResourceType) matches Verbal
THEN Resource is Appropriate

But during the interaction with the system the student, over time, can change the 
preferences for another kind of learning resource that doesn’t match with his/her 
learning style. We can change the previous rule to another one, like this:  

IF LearningStyle Is Verbal AND
(ResourceLearningActivity OR ResourceType) matches Visual

THEN Resource is Appropriate

We have evaluated three approaches of the incremental Naïve Bayes: without ad-
aptation, Adaptive Bayes and this last one using fading factors. Each model is incre-
mentally built from a training set and then it is used to classify a test set.  Training sets 
with 400 and 800 examples respectively, and its corresponding test sets with 200 and 
400 examples were generated. For the training (test) sets the concept changes after 
every 200(100) examples. Each batch of 100 test examples was evaluated in the learn-
ing epoch corresponding to the current concept. The evaluation statistic is the percent-
age of misclassified examples in the test set. For each learning style the results were 
averaged over 10 runs and then the obtained results were averaged for each algorithm. 
The final results are shown in the table 2. They provide evidence of the advantage of 
using adaptive techniques to take concept drift into account.  



Table 2. Comparison between incremental Naïve Bayes and Adaptive Bayes 

# Training  
Examples 

# Test  
Examples 

Algorithm Fading 
Factor 

Error Rate 

400 200 No Adaptation  27.16 ± 12.4 
200 R1+200 R2 100 R1+100 R2 Adaptive Bayes  13.31 ±   5.9 

  Adaptive Bayes 0.95 14.24 ±   6.1 
  Adaptive Bayes 0.90 12.44 ±   7.7 
  Adaptive Bayes 0.85 13.08 ±   9.7 

800 400 No Adaptation  27.16 ± 12.4 
200 R1+200 R2 + 100 R1+100 R2 + Adaptive Bayes  17.98 ±   4.4 
200 R3+200 R4 + 100 R3+100 R4 + Adaptive Bayes 0.95 11.78 ±   2.7 
  Adaptive Bayes 0.90 10.61 ±   3.0 
  Adaptive Bayes 0.85 12.11 ± 3.98 

5   Conclusions and Future Work 

In this paper we have presented Adaptive Bayes to model a prediction task based 
on learning styles. The results obtained in conducted experiments show that Adaptive 
Bayes seems to be a good and simple choice for concept drift scenarios in user model-
ing. In the near future we plan to compare this approach against other learning meth-
ods using weighted examples and/or time windows. We also plan to model this task 
using Bayesian Networks and infer the learning style, based on the observations dur-
ing interactions of the student with the system. We are going to investigate similar 
adaptive learning approaches for these networks.  
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