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Abstract
The human being is currently under an increased demand for attention, a result of a society
that is moving faster. In most of the so-called developed countries, workers have nowadays
increasingly busier activities. This makes them stretch their limits to find time for children,
sports activities and other. This necessary extra time is frequently obtained at the expense of
shorter periods of sleep or rest and with a cost in terms of pressure and stress. In this paper, we
present a non-intrusive distributed system for enriching behavior patterns applying learning
styles in a class of students which was considered as a team. It is especially suited for teams
working at the computer. The presented system is able to provide real-time information about
each individual as well as information about the team. It can be very useful for teachers or
managers to identify potentially distracting events or individuals, and to detect the onset of
mental fatigue or boredom, which significantly influence attention. In summary, this tool
can be very useful for the implementation of better human resource management strategies,
namely in the classification of learning style and the monitoring of the level of attention of
each user.
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1 Introduction

Nowadays the world is getting increasingly competitive and the quality and quantity of the
work presented are one of the deciding factors in choosing a collaborator. The worker does
not only have to perform the task, but his performance must result in a quality product, in
the shortest time, with the lowest possible cost and minimum resources. It is essential that
the factors that influence performance match the ideal values.

Furthermore, our society is in permanent change and it requires continuous adaptation
of the human being to the surrounding environment. With this technological evolution, job
offers have changed, bringing along many significant and broad changes. Some of the most
notorious ones can be pointed out by the emergence of indicators such as attentiveness which,
in extreme cases, can compromise the life and well-being of the workers. In more moderate
cases, it will impair attention, general cognitive skills and productivity. In addition to these
factors, many of these jobs are the so-called desk jobs, in which people frequently sit for
more than 8 h [1].

The human being is currently under an increased demand for attention, a result of a society
that is moving faster. In most of the so-called developed countries, workers have nowadays
increasingly busier activities. This makes them stretch their limits to find time for children,
sports activities and other. This necessary extra time is frequently obtained at the expense of
shorter periods of sleep or rest and with a cost in terms of pressure and stress [2]. Although
this effect may not be readily visible, they have consequences at many other levels than
health, including emotions, results, attention and social behavior [3].

Until now, the level of attention of a worker has been evaluated through his/her produc-
tivity: The more one produces, the better his/her attention at work. While the true nature
of this relationship is yet to be thoroughly studied (properly contextualized in each work
domain), there are other issues that need to be addressed. First, the worst aspect about this
approach is that it only points out a potential decrease in attention after a productivity loss.
This means that the “damage” is already done and that it is most likely too late for the
worker to cope with whatever caused the attention loss. An approach that could point out, in
advance, upcoming breaks in attention (e.g., through the observation of behavioral patterns)
could allow active/preventive interventions rather than reactive ones [4].

Attention is one of the factors that influence the performance of a human being when
performing a task. If the attention of an individual is not at its best when performing the
proposed task, its performance will be negatively affected, causing several problems. In an
enterprise environment, if an employee has lack of attention in his work, that behavior can
cause production delays. Consequently, a delay in delivery to costumers in extreme situations
causes monetary losses. In some situations, such as flight controllers or bus drivers, if the
person is not 100% focused, an error can cause a tragic accident.

Attention is a resource that allows the human being to be focused on a situation and to
be able to ignore non-priority information. As happens with performance, several factors
can influence attention, like stress, mental fatigue, anxiety, emotion, new environments and
human health. Besides these factors, the advancement of technology has been a real problem
which has increased the lack of attention.With the emergence of the smartphone that provides
new and varied information in real time and new ways of communication, people’s attention
is easily captured and the task that was meant to be done is left out [5].

Individualswhohave difficulties focusing (their attention) can see the performance of other
high-level cognitive processes, such as learning or decision making, negatively affected. In
extreme cases, such as in attention-deficit/hyperactivity disorder (ADHD), this may have a
significant negative impact on the development and function of the individual [6].
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In this paper, we present a distributed system for system for enriching behavior patterns
applying learning styles in a class of students which was considered as teams of people. It
constantly analyzes the behavior of the user while interacting with the computer and, together
with knowledge about the task, is able to temporally classify learning style users.

This work may be very interesting for team managers or teachers to assess the level
of attention of their teams, identifying potentially distracting events, hours or individuals.
Moreover, distraction often appears when the individual is fatigued, bored or not motivated.
This tool can thus be an important indicator of the team, allowing the manager (teacher) to act
accordingly at an individual or group level. Overall, this tool will support the implementation
of better human resource management strategies.

2 State of the art

Task execution using new technologies has been increasing in the last years. Therefore, one
of the biggest concerns is to find ways to make this use as efficient and effective as possible.

2.1 User behavior

Nonetheless, task execution is not done similarly by all users. Each person has his/her own
behavior. This behavior can be derived from several factors, such as biological characteristics
of the user; characteristics of the task and environmental factors.

The recognition of these behaviors is already used in new technologies. For example,
the recognition of users as a form of authentication on a device or software can be done by
tracking behavioral biometrics, such as fingerprints, face recognition or iris recognition [7].

This behavioral biometrics can be classified into five categories based on information type
[8]:

• Behavioral biometric based on the analysis of text extracts or drawings produced by the
user;

• Behavioral biometric based on computer interaction;

– Device usage, such as mouse and keyboard. Devices that can capture the muscles’
actions;

– Software interaction: strategy and knowledge;

• Behavioral biometric based onmonitoring data coming from a low-level action in software,
such as access log, storage activity and call systems;

• Behavioral biometric based on data from motor skills;

One of the variables is attention. To recognize the lack of attention on user behavior,
different ways of capture and classify attention were discovered. One of the first ways to
try to quantify the attention level was a questionnaire. This questionnaire is presented to
the user. After the user answers the questionnaire, the study’s author analyzes the answers
and presents the conclusions. However, this approach is more qualitative and depends on the
author’s interpretation [9].

Themore quantitative approach is the one that uses biometrics behavioral. It is an approach
more focused on the perception of stimuli. Eye tracking is one of the most used techniques.
Using this technologywhen performing a task on a computer, it is possible to know the screen
area where the eyes are directed and, consequently, where is the focus of attention. So, it is
possible to conclude whether the user was with the visual attention directed to the screen area
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where the task is positioned [9, 10]. This is, however, a very intrusive methodology which
raises privacy concerns, especially in the workplace.

Another approach is based on neural activity. Themost used technique is EEG, which uses
electrodes placed on the scalp that read the frequency of brain waves and, with the acquired
data, analyzes the brain activity during a task. Inmany studies, themost important component
is MMN (mismatch negativity). This component is the indicator of a brain reaction to a pre-
attention process. Other techniques used are functional imaging, (fMRI), MEG, and PET
scan [9].

Regarding techniques that measure attention, the first two techniques described are intru-
sive approaches. In the case of brain activity measures, it is necessary to place some devices
on the user’s body to capture the data. This can interfere with the performance of the user
and cause stress as it is intrusive. Regarding eye tracking, and although it does not require
the use of devices placed on the body, the technique is an approach that has raised issues
related to privacy and data protection (especially with underage individuals), which makes
it unsuitable for academic environments.

2.1.1 Behavioral biometrics

Mouse and keyboard tracking techniques are also used to measure and classify attention.
These techniques have already been used to measure other variables such as stress [11] and
mental fatigue [12, 13].

In the case of the stress study [11], the data were captured during an online examination of
medical students. The captured data were related to mouse movement and keyboard usage.
After the data were collected, the data were analyzed in two phases. In the first phase, it was
used statistic methods and the first conclusions were obtained. These data were analyzed in
two ways: (1) to find a common behavior in groups of students; (2) to find students behaviors.
In the second phase, it was used as amachine learningmethod tomodel the students’ response
to a stress event. There were used two classifiers: one to classify all students’ data and other
to classify data from each individual student. This study [11] not only concluded that stress
affected the students’ performance on an examination but also pointed out that some students
can improve their performance even with stress.

The mouse and keyboard tracking technique is a non-invasive approach because the data
captured are compiled by a background software and the user does not have the perception
that he/she is being monitored. This is an advantage over the two previous approaches as the
user is not affected in any way by the collection of data.

In previous work, we were focused on the analysis of student’s attention based on tasks
defined by the teacher [14].

From the analysis of human–computer interaction, it also found that people tend to interact
differently with different applications and in different contexts. For example, and although
both tasks involve typing, people tend to type differently if they are in amessaging application
and in a word processing application [13].

2.2 Learning styles

A learning style is a method that allows an individual to learn best. Different people learn in
different ways, each one preferring a different learning style. Everyone has a mix of learning
styles, but some people may find that they have a dominant style of learning. Others may find
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Table 1 Five dimensions of learning styles [24]

Definitions Dimensions Definitions

Do Active Reflexive Think

Learn facts Sensitive Intuitive Learn concepts

Need drawings Visual Verbal Needs read or dissertations

Derive facts from facts Inductive Deductive Derive results from principles

Step to step Local Global Global framework

that they have different learning styles in different circumstances. There are several models
developed by several authors that try to represent the way people learn [15].

Previous research suggests that, in the context of learning activities, different learning
styles can influence learning performance and decision making. Learning styles are also
considered one of the most important factors influencing learning [16]. So if we choose a
work for a certain position that merges with his learning style, the results will be better
[17–20].

Some researchers have argued that learning style is also a suitable indicator of potential
learning success because it provides information about individual differences in learning
preferences and information processing [21, 22].

Learning style not only specifies how user learns and likes to learn, but can also help a
manager to adapt to the individual user so that theymight learn successfully.Whenmanager’s
methodologies do not support a specific learning style, users will find it more difficult to learn
and acquire knowledge. When students are doing learning activities using new technologies,
it is extremely important that teacher has feedback from the students’ work in order to detect
potential learning problems at an early stage so he can choose the appropriate teaching
methods.

Learning styles can be defined as cognitive, affective and physiological features that serve
as relatively stable indicators of how learners perceive interaction and respond to their learning
environments [23].

Also in the school learning is improved if the teacher has a system that can detect and
classify the learning preferences of students and provide advice from potential learning
problems at an early stage in order to choose the most appropriate teaching methods.

Identifying learning styles can be fundamental in order to personalize learning models.
Table 1 describes the five dimensions of learning styles [24].

In dimensions active/reflexive, active experimentation involves doing something with the
information, discussing it, explaining it or testing it in some way. Reflective observation
involves examining and manipulating the information introspectively.

In dimensions sensitive/intuitive, sensing includes observing and gathering data through
the senses. Intuition involves indirect perception by way of the unconscious speculation,
imagination and hunches.

In dimensions visual/verbal, visual learners remember best what they see: pictures, dia-
grams, flowcharts, timelines, films and demonstrations. Verbal learners remember what they
hear and better what they hear and then say.

In dimensions inductive/deductive, induction is a reasoning progression that precedes
from particulars events (observations, measurements and data) to generalities (governing
rules, laws and theories). Deduction proceeds in the opposite direction. In induction, one
infers principles and in the opposite (deduction), one deduces consequences.
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Fig. 1 Architecture of the system

In dimensions local/global, local learners follow linear reasoning processes when solving
problems; global learners make intuitive leaps and may be unable to explain how they came
up with solutions.

3 Proposed design

The goal of this system is to be able to create an adaptive user interface in order to identify
more profitable the learning style and the attention level from a user behavior [25]. In that
sense, it was necessary to define parameters for classifying learning style and attentiveness.
Finally, with these two parameters, it was possible to obtain a user profile.

3.1 Systems’architecture

In Fig. 1, the system’s architecture is presented. The system is divided into three elements.
The system also has two databases that provide and save all the necessary data.

The classifier module is the core element of the project. In this module are developed the
main features tomeasure and classify the attention level and identify the learning style of each
user. For this, it was necessary that the others system’s elements are in constant interaction
to provide the needed data and allow it the return of the results obtained.

Three parts compose themodule’s architecture. The first part is responsible for all database
connections, with the needed configuration to access to the MySQL database and the DB
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module feature to access to the MongoDB, and the needed transactions with it. The second
part features implementation, such as attention classification and learning style identification.
All the data analysis and processing were developed in this part. The last part is the REST
connection implementation. Here were built all the necessary connection the access to the
system.

The DB module is an application which the goal is searching a specific datum in a Mon-
goDB and exporting it to a CSV file. This module uses a MongoDB driver, which make
the connection between the database and the software. For that is needed to give a specific
information to restrict the collected data. After collecting the request data, it is given an
opportunity for the user to export the data to a CSV file. On this project, the DB module is
used as a library because it is necessary to access a MongoDB to extract all the information
about the user behavior.

To other software connect to this software and get the information about the users, it
was necessary to create multiple requests. These requests had to obey specifics rules for the
functionalities’ results to be correct.

3.2 Attention classification

The goal of this feature is to classify the level of the user’s attention when performing a task
on the computer. The performance is achieved with the user’s behavior using the mouse and
the keyboard and the several applications that were accessed.

The data collected are divided into three types: related to the task, interaction with the
mouse and interaction with the keyboard. In this project, the task data are the most crucial
because from it derives most part of the attention level.

To obtain the task results, the task rules received in the request are used to have a perception
of how much time the user has spent on the applications related to the task rules.

As far as the mouse and keyboard results are concerned, their role is present on how
the user interaction is occurring and help the coordinator/teacher understand whether any
student, who has the application active, is really working on it or not. To do that many values,
such as mouse acceleration, mouse velocity, distance between clicks, duration of clicks, time
between keys, key downtime velocity are taken into account.

Then, with the applications already classified as work-related or not, it is necessary to
measure the amount of time that the user spent with each type of application and if at the
time that the user was in a work-related application exists any use of the peripherals, mouse
and keyboard.

To classify the level of attention, the previousmeasure is used and calculates the percentage
of each time comparatively with the total interaction time. The percentage of time spent on
the work application classifies the level of attention [26].

3.3 Learning style’s identification

The main goal of this task is to identify the user’s learning style. This information will
give to the people in charge what is the best approach that they have to take to increase the
performance succeed.

To this project, the learning style identification will be influenced by the task type, the
level of the attention on that task and a qualitative evaluation given by the response to the
user’s performance. To the task’s results be the most correct possible, it is necessary that the
needed information be constantly collected to the learning style be the most correct for the
user.
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Fig. 2 Learning style identification process workflow

Figure 2 describes the workflow of this feature. First, there needs to be a request to get
the learning style of a specific user. Then, it is necessary to collect all the available data that
it is needed to identify the learning style.

After the data from the user are collected, the dataset that will be used on the identification
algorithm is built. With the dataset ready, the next step is running the dataset on the algorithm
and then analyzes the results.

The last step is returning the data about the learning style to the recipient.

3.3.1 Dataset

After the data are collected in the database, the data are manipulated and a set of required
data to identify the learning style is built.

The user attention level, the type of the task and the task evaluation will constitute it. That
means that all set of data that built the dataset are related to a specific user measure. This is
presented in Fig. 3.

The property task’s type is identified by the nominal data video, text, image and audio.
Each number represents a task’s type, and the property attention level is a numeric data and
consequently more related to a learning style.

The property attention level is reached by the classification of attention feature. Finally, the
property evaluation has to be given by a request for the specific session, where this evaluation
drifts between 1 and 10. The 10 is the higher evaluation and the 1 the lower evaluation. These
data are given by the responsible and represent the perception that the person has about the
user performance.

3.3.2 K -means algorithm

K-means is an unsupervised learning algorithm that can be used to solve clustering problems
made by MacQueen in 1967. Clustering is a data mining technique that divides the data into
different groups. The data in each group are related.
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Fig. 3 Dataset example

Fig. 4 K-means algorithm process example [27]

The algorithm procedure tries to classify the data over a number of clusters defined at
begin of the process. The goal is to define the center point of each cluster and then asso-
ciate each instance of the dataset with the nearest central point. Then it is recalculating
a new cluster central point and the entire instance is again associated with a new cen-
tral point. When any instance is associated with a new central point, the algorithm stops
(Fig. 4).
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Table 2 Relation between type of
tasks performed and the learning
style theory in a group of users

Task’s type Learning style

Video Visual or verbal

Text Active or reflective

Image Sequential or global

Audio Sensing or intuitive

3.3.3 Identification process

After the creation of the dataset, it will be used a clustering algorithm to group the information
on the dataset. The task type that is related to the Felder–Silverman presented in Table 2.

The clustering algorithm that it will be used is the K-means algorithm. To use this algo-
rithm, it will be added to the project a WEKA dependency. Weka was developed by the
University of Waikato, and it is a machine learning software that is used for data mining
tasks.

Algorithm 1 is presented the algorithm used; however, it is necessary to define the number
of the clusters that the algorithm needs to look. On this case, it is easy to find the number
because the number of the different form of learning was four (video, text, images and audio),
so the algorithm will search for four clusters.

When the clustering algorithm is finished, the results are analyzed. The idea was to include
the results of the evaluation obtained in each task performed and the level of attention. The
weight assigned to each of them was 50%. Finally, the classification of the learning style of
each user is obtained through the best classification obtained from the evaluation in each task
performed and the level of attention.
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3.4 Methodology

To verify these results, it is necessary to test whether it was easier for us to test in a school with
students, where a teacher supervised the class. In companies, we did not obtain authorization
to be able to do this test since the data developed in companies are more susceptible to copy
and disclosure for competing companies.

This project was applied, to test and check the results’ quality, in a student class, while
the students were performing a task based on design software, like, Adobe Photoshop. This
class is from the High School of Caldas das Taipas, Guimarães, Portugal.

To participate in this experience were selected a group of 22 students, 9 girls and 13 boys,
with an average age of 17.6 years. The experiment took place in four lessons from the class
with different types of activities. In these activities, the students have a computer and the
lesson duration to solve the activity. To solve the activity, all the information about the lesson
goal was given to the students.

On different days, they have a lesson, where they have access to an individual computer
and 2 h to complete a task and the lessons contained tasks to be completed using Photoshop.
All the participants thus have computer proficiency. The room was equipped with similar
computers. Each participant was randomly assigned to one computer. The class students
have IDs between 12P501 and 12P522.

The main goals of this experience were understood the student behavior when face off
with a different type of activities and how the project results can help the teacher to act in
order to step in if necessary to improve the student performance.

About the attention classification process, data acquisition is supported by an application
installed in the data generating devices (the computers of the users). It is thus a distributed
data collection system, which has now been extended to acquire a new type of data about
each user: the application that the user is interacting with, at each time. Thus, at regular
intervals (around 5 min), the server receives a new set of data about each user. These raw data
include all the important interaction events: when keys were pressed down or released, when
the mouse moved (and where to), when clicks started or ended and when the user switched
to a given application. The system analyzed all different applications used by all users and
labeled each one as belonging to the task or not. We then quantified the amount of time that
each student spent interacting with applications related to the task versus other applications.
To do this, we measured the amount of time, in each interval, that the user spent interacting
with work-related applications. The algorithm thus needs knowledge about the domain in
order to classify each application as belonging or not to the set of work-related applications.
This knowledge is return for the teacher for analysis.

Relatively to the learning style identification, with the same class was applied different
exercise for each lesson.During the lesson, datawere collected about the level of the attention,
and at the end, the teacher evaluated the student performance on that exercise.

The first part of the experience was to measure the attention level of the students. It
was picked one lesson from the class and starts the process of collecting and analyzing the
students’ behavior and then measuring the attention level.

The proposal activity for the students was related to Adobe Photoshop, and the exercise’s
instructions were given by video, so the application that was accepted as work-related was
Photoshop and VLC. These data should be on the right format to the system recognize the
rule. For example, if the application rules must start with Adobe Photoshop, the rule is “starts
with Adobe Photoshop” or if it has to contain, the rule is “Contains Adobe Photoshop.”

Four types compose the rules: starts with, ends with, contains and not contains. These
rules can include all type of applications that are collected and it is easier to create a rule
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which is often applied but it is fundamental to not create rules on the same task that contradict
each other. Initially, rules are defined that indicate what tasks are work-related. Then all tasks
are compared to these rules and the system get the tasks work-related and the tasks not
work-related.

After the teacher sets the needed rules, the system starts, and during the lesson, the same
process is repeated for all the requests:

1. Collect data from users during the stipulated time;
2. Group the data per student;
3. Divide the task data by work or others;
4. Measure the amount of time on work-related tasks;
5. Measure the attention level.

4 Results

Table 3 presents the results of the attention level of the students before the previous process.
This value is an average value from the lesson.

During the lesson, it was received the attention level and themouse and keyboard behavior
from the last 5 min. This information brings to the teacher the necessary data to step in if the
student situation is not the best.

Figures 5, 6 and 7 describe the level of the attention and the peripheral behavioral from a
user in the lesson.

In Fig. 5, it is presented the attention level of the student 12P512. With this type of
information, the teacher can understand which lesson’s time was a decrease in the level
of attention and step into helping the student to improve the level and consequently the
performance on the lesson’s activity. It is possible to understand that the student was during
the entire lesson between the 60% and the 100% of attention level. During this time were
some significant descents, mainly at the 20 min, which the teacher with these data could
step into understanding the descent reason and solve it. At the end of the lesson, the descent

Table 3 Experience results from
the attention classification
process

Student Attention level (%)

12P501 73.89

12P502 82.90

12P503 60.50

12P505 74.80

12P508 85

12P509 83.70

12P510 91.33

12P512 69.64

12P513 79.90

12P515 86.45

12P517 73.60

12P520 87.75

12P521 94.27

12P522 96.30
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Fig. 5 Level of attention of the Student 12P512

Fig. 6 Mouse behavior evaluation from a student

Fig. 7 Keyboard behavior evaluation from a student

123



1658 D. Durães et al.

Table 4 Results from the four
lessons

Student: 12P512 Attention’s level Evaluation

Lesson 1 69.64 6

Lesson 2 70 6

Lesson 3 94 10

Lesson 4 81 9

could be related to the lesson end and the student’s task is almost finished and the student is
preparing to leave.

Relatively about Figs. 6 and 7, it presents a comparison between the mouse and keyboard
behavior and the attention level. With this comparison, it is possible to understand the mouse
movement and the timing between keys and understandwhether the student is tired or stressed
and whether that behavior is harming the attention and the performance. In this case, it is
possible to understand that the use of the mouse is more intense that the use of keyboard and
this can be related to the task type and the related application, Photoshop. The value present
in Fig. 6 is the mouse velocity. The mouse velocity is the distance traveled by the mouse
(in pixels) over the time (in milliseconds). About the keyboard’s usage, the value shown in
Fig. 7 is the key downtime. The key downtime is the time span between two consecutive key
down and key up.

The mouse velocity values were between 0.4 and 0.7 pixel/ms. It is possible to understand
that the velocity value decreases when the student is on work-related task and increases when
he/she is on not a work-related task. This information could mean that the student is more
careful and more focused on the mouse movements on doing the task.

The second phase of the experience was choosing one student from the class and tries to
identify the learning style.

To identify the student learning style, in four lessons were applied four different exercise
types. The first lesson was a video exercise with sound, the second lesson was an image
exercise, the third lesson was text exercise and the fourth lesson was an audio exercise.

During these lessons, the attention level of the student was measured and saved for later
use. At the end of the lesson, the teacher gives a lesson evaluation (1–10) to help with the
identification of the learning style.

The final results from the four lessons are presented in Table 4.
With these data, it is possible to run the clustering algorithm and get the result to make

the final analysis. It is important to understand that in this case, the algorithm results will not
be as accurate as possible because the number of data about this student is very few. To help
to understand to configure the algorithm, it was using the tool available from WEKA. This
is presented in Fig. 8.

In WEKA configuration, it is possible to configure the algorithm parameters. In this
project was changed the clusters number to find, but more information like the number of
max iterations and the number of seed can be changed. With the algorithm results, the rest
of the identification process was made and it gives the following results which are presented
in Table 5.

These results came from the values of attention and evaluation and the height that each
one has in the learning style.

From Table 5, the learning style from the student 12P512 is the image exercise.
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Fig. 8 WEKA tool configuration and results [28]

Table 5 Learning style results Learning style/task type Result (%)

Video 64.82

Image 97

Audio 85.5

Text 65

5 Discussion and conclusions

The work developed so far resulted in a very useful system for the managers and teachers
that can improve learning strategies in order to increase learning of his/her workers/students.

About the classification of the attention level, the obtained results give the necessary
information to the teacher step in if it is a not ideal situation and to understand some behavior
from the users when are performing a task.

Regarding the learning style feature, it is possible to understand that more data are neces-
sary from each user to the quality of the results obtained from the algorithm to be better and
the learning style result to be more correct and reliable.

Concerning the learning style identification, a clustering algorithm, K-means, is used that
divide the user data into groups related to the type of the task. The type of the task is related
to the learning style that has been chosen, Felder–Silverman learning theory. This theory was
chosen because it is a theory based on the other theories studied, so it is more complete and
more flexible. This algorithm will give results about each task type, which one has a better
attention level and the better evaluation.With that, the responsible can understandmore about
the way that the user preferred to work and what the style that brings better results.

Relative to the user profile, it is composed by the data from attention and learning style.
This information is updated when new data from attention and learning style are processed.
It is possible to have the user profile historic because any information is deleted from the
database.
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When the system has a dataset that is large enough, it may perform a more precise classifi-
cation, classifying the inputs received into different user’s attention levels and user’s learning
styles in real time. Using this, the manager may take different measures depending on the
profile of the group and/or profile of each user.

A framework was proposed to address these issues, especially for monitoring users in
activities using the computer and the Internet. Narrowing the scope of the study, a model to
detect attentiveness was proposed, through the use of a developed log tool. With this tool,
it is possible to detect those factors dynamically and non-intrusively, making it possible to
foresee negative situations, allowing taking actions to mitigate them.

However, this work has a limitation regarding both the low number of subjects and at least
one sample of workers missing. More testing should have to be done in order to be able to
validate this system better and increased these tests with a control group. In the future work,
it also is interesting to perform a pilot study also involving at least one group of workers.

However, the door is open to intelligent platforms that allow analyzing users’ profiles,
taking into account their individual characteristics, and propose new strategies and actions.
By providing instructors with access to this information, we allow them to better manage
their interactions with the students, namely by pointing out the most problematic cases of
inattention in real time.

Acknowledgements This work has been supported by COMPETE: POCI-01-0145-FEDER-007043 and FCT
– Fundação para a Ciência e Tecnologia within the Project Scope: UID/CEC/00319/2013.

References

1. Liao M-H, Drury C (2000) Posture, discomfort and performance in a VDT task. Ergonomics
43(3):345–359

2. Pimenta A, Carneiro D, Neves J, Novais P (2016) A neural network to classify fatigue from human–com-
puter interaction. J Neurocomput 172:413–426. https://doi.org/10.1016/j.neucom.2015.03.105

3. Folkard S, Tucker P (2003) Shift work, safety and productivity. J Carrees Netw OccupMed 53(2):95–101
4. CarneiroD,Novais P, Andrade F, Zeleznikow J,Neves J (2013)Using case-based reasoning and principled

negotiation to provide decision support for dispute resolution. Knowl Inf Syst 36(3):789–826
5. Durães D, Jiménez A, Bajo J, Novais P (2016) Monitoring level attention approach in learning activities.

Adv Intell Syst Comput 478:33–40. https://doi.org/10.1007/978-3-319-40165-2_4
6. ATTENTION-DEFICIT SO et al (2011) ADHD: clinical practice guideline for the diagnosis, evaluation,

and treatment of attention-deficit/hyperactivity disorder in children and adolescents. Pediatrics (peds).
https://doi.org/10.1542/peds.2011-2654

7. Benevenuto F et al (2009)Characterizing user behavior in online social networks. In: IMC ‘09Proceedings
of the 9th ACM SIGCOMM conference on internet measurement, pp 49–62

8. Yampolskiy RV, Govindaraju V (2008) Behavioural biometrics: a survey and classification. Int J Biom.
https://doi.org/10.1504/IJBM.2008.018665

9. MancasM (2017)How tomeasure attention?News and insights fromEAI community—cited: 7December
2017. http://blog.eai.eu/how-to-measure-attention/

10. Duc AH, Bays P, Husain M (2008) Eye movements as a probe of attention, Chapter 5.5. In: Kennard C,
John Leigh R (eds) Progress in brain research, pp 403–411

11. Carneiro D, Novais P, Pêgo JM, Sousa N, Neves J (2015) Using mouse dynamics to assess stress during
online exams. In: International conference on hybrid artificial intelligence systems. Springer, Cham, pp
345–356

12. Pimenta A et al (2013) Monitoring mental fatigue through the analysis of keyboard and mouse interaction
patterns. In: Pan J-S et al (eds) Hybrid artificial intelligent systems, pp 222–231

13. Pimenta A et al (2015) Detection of distraction and fatigue in groups through the analysis of international
patterns with computers. In: CamachoD et al (eds) Intelligent distributed computingVII. Springer, Berlin,
pp 29–39

14. Durães D, Cardoso C, Bajo J, Novais P (2017) Learning frequent behaviors patterns in intelligent envi-
ronments for attentiveness level. In: International conference on practical applications of agents and

123

https://doi.org/10.1016/j.neucom.2015.03.105
https://doi.org/10.1007/978-3-319-40165-2_4
https://doi.org/10.1542/peds.2011-2654
https://doi.org/10.1504/IJBM.2008.018665
http://blog.eai.eu/how-to-measure-attention/


Enriching behavior patterns with learning styles using… 1661

multi-agent systems, PAAMS 2017: trends in cyber-physical multi-agent systems. The PAAMS Collec-
tion—15th International Conference, PAAMS 2017, pp 139–147

15. MorganR,Baker F,AlabamaUS (2013)AcomparisonofVARKanalysis studies and recommendations for
teacher educators. In: Society for Information Technology&Teacher Education International Conference,
Louisiana, US, pp 1381–1385

16. Ford N, Chen Y (2000) Individual differences, hypermedia navigation and learning: an empirical study.
J Educ Multimed Hypermedia 9(4):281–311

17. Chase WG, Simon HA (1973) Perception in chess. Cogn Psychol 4(1):55–81
18. Hansen JW (1995) Student cognitive styles in postsecondary technology programs. J Technol Educ

6(2):19–33
19. Rollock D (1992) Field dependence/independence and learning condition: an exploratory study of style

vs ability. Percept Mot Skills 74(3):807–818
20. Pashler H, McDaniel M, Rohrer D, Bjork R (2008) Learning styles: concepts and evidence. Psychol Sci

Public 9(3):105–119
21. Kolb D (1984) Experiential learning: experience as the source of learning and development. Prentice-Hall

Inc, Upper Saddle River
22. Smith PL, Ragan TJ (1999) Instructional design. Wiley, New York
23. Keefe JW (1979) Learning style: an overview. In: NASSP’s student learning styles: diagnosing and

prescribing programs, pp 1–17
24. Weber W, Rabaey JM, Aarts E (1988) Ambient intelligence. In: Sp Felder RM, Silverman LK (eds)

Learning and teaching styles in engineering education, vol 78, no 7, pp 674–681
25. Zudilova-Seinstra E (2007) On the role of individual human abilities in the design of adaptive user

interfaces for scientific problem solving environments. J Knowl Inf Syst 13(2):243–270
26. Durães D, Carneiro D, Bajo J, Novais P (2016) Supervising and improving attentiveness in human

computer interaction. In: Intelligent environment, pp 255–264
27. Anil KJ (2010) Data clustering: 50 years beyond K-means. Pattern Recognit Lett 31(8):651–666
28. Hall M, Frank E, Holmes G, Pfahringer B, Reutemann P, Witten IH (2009) The WEKA data mining

software: an update. SIGKDD Explor Newsl 11:10–18

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Dalila Durães is an Invited Lecture of High School of Technology and
Management at Polytechnic Institute of Porto. She is also a young
researcher at the Department of Artificial Intelligence in Technical Uni-
versity of Madrid, Spain, and she collaborates with ISLab (Intelligent
System Lab) at the Department of Informatics, University of Minho,
Braga, Portugal. She develops scientific research in the field of artifi-
cial intelligence, with applications in human–computer interaction and
behavioral analysis. Her main interest lies in acquiring information in
a non-intrusive way, from the human’s interaction with the computer,
namely to assess attention and engagement in E-learning system. Dalila
has authored over 25 publications in peer-reviewed international jour-
nals, book chapters and conference proceedings.

123



1662 D. Durães et al.

Fernando de la Prieta has a Ph.D. on Computer Engineer from the
University of Salamanca. Currently, he is an Assistant Professor at the
Department of Computer Science of the same University and mem-
ber of the BISITE Research group. He has been member of the orga-
nizing and scientific committee of several international symposiums
such as ACM-SAC, FUSION, PAAMS and MIS4TEL and co-author
of more than 60 papers published in recognized journal, workshops
and symposiums, most of them related to intelligent systems, ambi-
ent intelligence, distributed systems, technology-enhanced learning and
information security.

Paulo Novais is an Associate Professor with Habilitation of Computer
Science at the Department of Informatics, in the School of Engineering
of the University of Minho (Portugal), and a researcher at the ALGO-
RITMI Centre in which he is the coordinator of the research group
ISLab—Synthetic Intelligence. He is the director of the Ph.D. program
in informatics and co-founder and Deputy Director of the master in law
and informatics at the University of Minho. His main research aim is
to make systems a little more smart, intelligent and also reliable. He
is the co-author of over 230 book chapters, journal papers, conference
and workshop papers and books. He is the president of APPIA (the
Portuguese Association for Artificial Intelligence) in 2016/2017, Por-
tuguese, representative at the IFIP (International Federation for Infor-
mation Processing)—TC 12—Artificial Intelligence, namely chair of
the Working Group on Intelligent Agent (WG12.3), member of the
Artificial Intelligence Applications (WG12.5) and member of the exec-
utive committee of the IBERAMIA (IberoAmerican Society of Artifi-
cial Intelligence).

123


	Enriching behavior patterns with learning styles using peripheral devices
	Abstract
	1 Introduction
	2 State of the art
	2.1 User behavior
	2.1.1 Behavioral biometrics

	2.2 Learning styles

	3 Proposed design
	3.1 Systems’ architecture
	3.2 Attention classification
	3.3 Learning style’s identification
	3.3.1 Dataset
	3.3.2 K-means algorithm
	3.3.3 Identification process

	3.4 Methodology

	4 Results
	5 Discussion and conclusions
	Acknowledgements
	References




