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Abstract. Цель этой работы состоит в развитии степени персонализации интеллектуальных учебных 

сред путем анализа данных взаимодействия пользователя с объектом, чтобы определить его поведение 

при решении задачи и в перерывах в работе (On-Task/Off-Task). Это достигается путем мониторинга и 

анализа взаимодействия пользователей при выполнении учебных заданий с гибридной системой, 

адаптированной для интеллектуальной университетской среды. Предложенная конфигурация системы, 

дополненная инструментарием добычи данных Orange и классификаторами на основе моделей 

нейронной сети, случайного леса, наивного классификатора Байеса и дерева классификации было 

проведено обучение взаимодействиям с объектами и тестирование 13 студентов (11 для обучения и два 

для тестирования), что позволило выявить представительные последовательности действий. Несмотря 

на небольшое количество данных, удалось понять, что наилучшие результаты показали две модели –

нейронная сеть и наивный классификатор Байеса. Хотя для адекватного выполнения классификации 

необходим более значительный объем данных, проведенный опыт позволил лучше понять процесс. 

Впоследствии его можно будет полностью включить в интеллектуальную образовательную систему, 

что позволит внести вклад в создание персонализированных сред. 

Ключевые слова: интеллектуальное окружение обучения; идентификация поведения пользователя; 

данные по взаимодействию пользователя с объектом; извлечение данных. 
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1. Introduction  

Human behavior refers to how an individual responds to various stimuli in their environment, 

physically and mentally. Computationally, it is possible to determine user behavior from observation 

and comparative analysis, and it is conceivable to classify their behavior by monitoring the 

development of a person's activities. In an intelligent environment, behavior patterns can be obtained 

from analyzing user interactions data [1]. For a computer system, modeling the behavior of users 

and understanding signs of the patterns it identifies involves various tasks, the first of which is to 

monitor and collect data related to user interactions, and then analyze the detected behavior signals 

considering the context. 

Generally, behaviors are detected initially by identifying movements or events that happen within 

the environment. These are low-level and do require temporal or contextual knowledge to be placed 
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[2]. In intelligent environments, this information is collected by sensors when any movement or 

interaction is detected; then, the set of registered events and their space-time relationships give rise 

to activities. 

There exist different challenges to building behavior-aware intelligent environments. An example 

of these challenges is the development of robust approaches for recognizing activities [3]. Another 

situation to face is that when detecting human activities, they are complex to model and dynamic 

because they constantly change and evolve with the user [2]. 

One approach considers that a critical factor for interpreting human behavior relates to the moment 

the actions are performed and their duration [2]. Moreover, concurrent activities (executed at the 

same time) [4] and sequential activities can be recognized [5]. In ubiquitous computing applications, 

advances in activity recognition have allowed passing from low-level recognition to identifying 

daily life activities. 

This paper presents an approach for identifying user behavior through the analysis of user-object 

interactions. This is addressed in the context of a case study related to students solving academic 

activities using a Tangible-Intangible hybrid system that allows detecting and collecting user-object 

interaction data. The main contribution of this paper is the analysis of user-object interaction data to 

find relevant information related to user behavior while performing an academic activity in a 

technologically enhanced environment. 

The remainder of this paper is organized as follows. Section 2 presents background information 

related to behavior representation, behavior detection, and behavior analysis. Section 3 describes a 

framework for analyzing user-object interaction data, that encompasses 3 phases: 1) Extraction and 

processing, 2) Transformation, and 3) Pattern recognition and evaluation; further explained in 

Sections 4, 5, and 6 respectively. Section 7 presents the discussion and limitations. Finally, Section 

8 concludes this paper. 

2. Background 

Human behavior refers to how an individual responds to various stimuli in their environment, 

physically and mentally. Computationally, it is possible to determine user behavior from observation 

and comparative analysis, and it is conceivable to classify their behavior by monitoring the 

development of a person's activities. In an intelligent environment, behavior patterns can be obtained 

from analyzing user interactions data [1]. For a computer system, modeling the behavior of users 

and understanding signs of the patterns it identifies involves various tasks, the first of which is to 

monitor and collect data related to user interactions, and then analyze the detected behavior signals 

considering the context. 

This section describes the characteristics of the styles used in this document. 

2.1 Behavior representation 

In the educational field, different research projects have defined student behavior from different 

perspectives and classifications, the most general being On-Task and Off-Task behaviors [6-7]. 

On-Task behavior is defined as the activity performed by the student that complies with the 

instructions given by the teacher for the task or lesson; for example, listening to the teacher's 

instructions, writing, reading a text, talking to the teacher, and looking up words in the dictionary. 

In addition, it defines Off-Task behavior as any activity performed by the student that is not directly 

associated with the task in the way that it was instructed, for example, leaving the classroom, 

excessive erasing, drawing on the desk, or looking at a point in space [6]. Another definition of On-

Task behavior refers to the student's attention during class time. While Off-Task behavior, as student 

inattention during class time as self-distractions, interactions with their peers, environmental 

distractions, or others that include things or actions that are not classifiable into previous categories 

[7]. 
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In addition, it is possible to find that behaviors studied and classified in educational settings include 

affective states such as boredom, commitment, and concentration [8], mental states such as flow 

experience [9], and dedication or absorption during tasks [10-11]. 

2.2 Behavior detection 

Different research projects have studied human-object interaction detection. One example is the 

improvement of the accuracy while detecting interactions between persons and objects using 

computer vision and a graph neural network [12], or a graph model-based algorithm [13]; an 

application for smart glasses that assists workers in an industrial site recognizing human-object 

interactions [14]; as a contribution in the visual understanding field [15-16], or to help to solve the 

problem of missing human behavior objects [17]. It can be observed that behavior detection is related 

to the technologies available in the intelligent environment configuration, the sensors installed in 

the background, or can be related to the data sources, such as the case of images, videos, interactions 

with software systems [18], cameras for collecting images, microphones to record sounds within the 

classroom [19], and the dialogue between student and teacher and wearable devices [20] through 

which it is possible to identify tasks and student behavior in a classroom or digital learning 

environments as intelligent tutors. These data provide information that identifies individual and 

group behaviors [21]. Although observation methods for identifying student behaviors predominate 

in the educational field, there are efforts to identify them from the interaction data that the student 

has with a computer program, as observed in the work of [6, 8, 22, 23]. 

However, there is no defined record structure to store user interaction data in intelligent educational 

environments. Even though works such as [13, 24-31] use sensor data to address the situations of 

interest of each job, no defined structure is observed that they share among themselves. 

2.3 Behavior analysis 

Several approaches are observed to analyze data generated by users in intelligent environment 

settings. These include visual representations and analysis routines that allow the teacher to track 

the performance of one or several students to track their progress [27, 32-33]; comparison, and 

classification. Analysis of the accelerometer data to identify activities of daily living using a 

Gaussian mixture model and Gaussian mixture regression [34] to classify the data at runtime. Also, 

the use of multi-agent systems to analyze user behavior [35] and logistic regression models to 

predict, at runtime, behaviors of lack of commitment or gaming the system behavior. 

Different research projects have used various techniques for data analysis to identify user behavior. 

In intelligent environment settings, these techniques include but are not limited to the Hidden 

Markov Model (HMM), probabilistic hierarchical models of human behavior using HMM, 

conditional random fields, and dynamic Bayesian networks. Other works, such as those by [36] and 

[37], consider artificial neural networks for monitoring and predicting activities of daily living; On 

the other hand, [38] proposes a hybrid inference approach to detect abnormal user behavior, and [39] 

uses sequential pattern mining. Also, for the analysis of human behavior, [40] has proposed using a 

temporal structure or a set of actions over time with T-patterns, broadly used by [41] and [42] or 

sequential patterns through the GSP algorithm, proposed by Skirant [43]. This algorithm allows the 

discovery of sequential patterns with a minimum support specified by the user, where the support of 

a pattern is the number of data sequences containing that pattern. It makes multiple passes over the 

data [43]. 

3. Framework for analyzing user-object interaction data 

This section describes a proposal, based on [44-45], for a framework to analyze user-object 

interaction data for student modeling in intelligent learning environments. It consists of three phases: 

data acquisition and storage, transformation, and analysis. 
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Extraction and processing. The main objective of this phase is to collect and store user-object 

interaction data in an intelligent learning environment setting from a Tangible User Interface, the 

TanQuery prototype [46]. In TanQuery, there are three different areas where student interactions 

take place and are identified: the assignment area, the work area, and the result area. In the 

assignment area, the user assigns a value to the tokens he will use, depending on the token type and 

the information available in the database. In the work area, the user places the tokens to build a query 

tree and the system can identify the objects that compose it (root, left child, right child, or attributes); 

this distribution of objects is evaluated, and relational algebra expressions are constructed. The 

relational algebra expression (and the equivalent SQL expression) as well as the results of its 

evaluation are displayed in the result area. Fig. 1 shows the configuration of the TanQuery prototype. 

During the activity, the student interacts with different tokens (objects) and generates different 

records of user-object interactions. This user-object interaction data is stored in a local database with 

a structure based on the physical layer of the intelligent desktop conceptual model [44] and considers 

the identity of each object visible to the system, the type of object (relation, attribute, operator, 

among others), the position (x, y), and the degrees used to calculate the location of the object in the 

application domain. Also, this record considers the domain information in the root, right child, left 

child, parent, and attributes, each for each component of the query tree; it also considers the date 

and interaction time. 

 

Fig. 1. Implementation of TanQuery prototype 

Transformation. This phase transforms the interaction data into user behaviors considering an 

interval. This phase considers a model of the student's behavior during the activity allowing, based 

on the presence or absence of activities in an observation period, to identify whether the student has 

On-Task or Off-Task behavior. Once the behavior is defined, the same behaviors in contiguous 

intervals generate behavior sequences with different durations. Furthermore, during this phase, the 

data is preprocessed as input for the GSP algorithm. 
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Pattern recognition and evaluation. With a sequential algorithm, a process to identify the student 

behavioral patterns is carried out to identify representative behavioral sequences of each 

performance quadrant and train a classifier to condense the sequences of student behavior so that 

the intelligent environment can readily apprehend similarities and dissimilarities. 

4. Data extraction and processing 

For this study, a group of 16 students (12 male, 4 female) with similar ages (Max: 24 y/o, Min: 20 

y/o, Average: 21 y/o), and basic relational database knowledge, all the participants were enrolled in 

the fifth semester of undergraduate studies. Also, and a teacher (Male with 14 years of experience) 

from the educational program related to information technology participated voluntarily (using a 

non-probabilistic sampling scheme) from a university in the southeast of Mexico, they were enrolled 

in the Databases subject. The participants were asked to participate in an open call, in which the 

evaluation process and the instruments to be used are explained. Based on the Belmont Report [47] 

on interaction with human beings, they were asked to request signing a letter as a requirement of 

consent. The study sample included participants whose reported age was 20 years or older, who had 

the same credit advancement in the Bachelor of Computational Technologies from the same class, 

and who were enrolled in the educational experience databases. 

All participants interacted individually to solve relational algebra exercises using the TanQuery 

prototype, while a system stores the interaction data in a database table with the user-object 

interaction record structure. The connection to the database management system and the insertion in 

the online records are made each time the user interacts with the objects within the intelligent 

environment. It is sought that these are always available so that any component of the system and 

the environment can use them if required. The organization of these data is according to the user 

who generates them and the session in which they execute the activities. Table 1 illustrates an 

example of user-object interaction records. 

Table 1. Example of User-Object interaction records 

Name Example Example Example Example 

ID 8 20 24 45 

Type Relation Attribute Attribute Operator 

X position 865 1080 1171 993 

Y position 692 864 937 795 

Value STUDENT_INF NOM_EST EMAIL_EST PROYECTION 

Rotating degrees 0 358 355 86 

Action updateTUIObj updateTUIObj updateTUIObj updateTUIObj 

Root PROYECTION PROYECTION PROYECTION PROYECTION 

Right child - - - - 

Left child - - - 8 

Parent node 45 45 20 - 

Attributes - 24 - 20 

Date 06/04/17 06/04/17 06/04/17 06/04/17 

Time 12:52:57 12:52:57 12:52:57 12:52:57 

5. Transformation 

Once the dataset is created, the system finds the ObservedBehavior, Interval, StartTime, and 

EndTime columns. The possible intervals are obtained considering the analysis interval. For this 

work, an interval of 7 seconds is configured. Based on the interaction record and the number of 
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possible intervals, an iterative process is carried out that obtains the records generated by the student 

to determine if he manifests an On-Task behavior or an Off-Task behavior. 

After the analysis is finished, is possible to know the observed behavior, the analysis interval, and 

the moment of the student's interaction in which the interval begins and ends; an example is shown 

in Table 2. 

Subsequently, the user-object interaction data for each student is recovered to identify the On-Task 

and Off-Task behaviors manifested during the activity to find sequences of student behavior. Also, 

the characteristics of the activity and the student's result are stored manually in the database to 

calculate the student's performance in the activity. 

To execute the analysis, the behavior sequence structure IS modified by calculating the duration, in 

intervals, of the behavior and assigning the prefix ONT for On-Task behavior and OFFT for Off-

Task behavior. For example, the behavior sequence of student 1, where he manifests the On-Task 

behavior from intervals 9 to 14, was represented as ONT6, and the Off-Task behavior during interval 

15 was represented as OFFT1. To identify the student's performance, the number of hits obtained 

by the student is recovered. The total time in the activity is calculated by subtracting the time of the 

last record and the time of the first record. From the activity information, the Minimum Expected 

Grade (MEG), defined as the minimum score to pass the activity, and the maximum time to develop 

the activity are recovered (both defined by the professor); these values serve as parameters of the 

defineStudentTaskPerformance function [44]. 

Table 2. Identification of student behavior intervals 

Observed behavior Interval Start time endTime 

On-Task 1 06/04/2017 12:48:07 06/04/2017 12:48:37 

On-Task 2 06/04/2017 12:48:37 06/04/2017 12:49:07 

On-Task 3 06/04/2017 12:49:07 06/04/2017 12:49:37 

On-Task 4 06/04/2017 12:49:37 06/04/2017 12:50:07 

On-Task 5 06/04/2017 12:50:07 06/04/2017 12:50:37 

On-Task 6 06/04/2017 12:50:37 06/04/2017 12:51:07 

Off-Task 7 06/04/2017 12:51:07 06/04/2017 12:51:37 

On-Task 8 06/04/2017 12:51:37 06/04/2017 12:52:07 

On-Task 9 06/04/2017 12:52:07 06/04/2017 12:52:37 

On-Task 10 06/04/2017 12:52:37 06/04/2017 12:53:07 

On-Task 11 06/04/2017 12:53:07 06/04/2017 12:53:37 

On-Task 12 06/04/2017 12:53:37 06/04/2017 12:54:07 

On-Task 13 06/04/2017 12:54:07 06/04/2017 12:54:37 

The student performance quadrant scheme allows to classify the students considering the activity's 

results and time. Each quadrant represents the confluence between the time developed in the activity 

and the result obtained according to the following: 

 Quadrant A: the grade obtained by the student is greater than the MEG, and the time it 

took to complete the task could be more optimal. 

 Quadrant B: the grade obtained by the student is greater than the MEG, and the time it 

took her to complete the task is greater than optimal. 

 Quadrant C: the grade obtained by the student is below the MEG, and the time it took her 

to complete the task could be more optimal. 

 Quadrant D: the grade obtained by the student is below the MEG, and the time it took her 

to complete the task is greater than optimal. 
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6. Pattern recognition and evaluation 

The objective of this stage is to calculate a classification model from the data related to the student’s 

behaviors. Since the sequences have different lengths for each student (see Fig. 2), it was necessary 

to characterize all the sequences in the same way. One possible way was to characterize each 

sequence by the number of On-Task and Off-Task behaviors present in the sequence; however, with 

this way of doing it, the temporary nature of the sequences was lost. As an alternative, we decided 

to characterize a sequence by subsequences, which we call motifs. Thus, all the possible motifs were 

calculated from all the sequences of students' behaviors and, later, each sequence was characterized 

in terms of the presence or absence of a motif in it, thus representing all the sequences in a 

homogeneous way. In the end, each student is represented by characterizing their sequence in terms 

of motifs plus the performance quadrant to which they belong. The data represented in this way were 

analyzed using machine learning techniques to arrive at the classification model. Section 6.1 details 

the characterization of the sequences in terms of motifs and section 6.2 explains the analysis using 

machine learning techniques. 

 
Fig.2. Participant’s behavioral sequences 

6.1 Characterization of sequences 

Once having represented the behavioral sequences considering the performance quadrant and 

student behavior, the behavioral sequences were ordered alphabetically to assign them a numerical 

value, shown in Table 3, and they were substituted in the sequences of each participant. The set of 

behavior sequences for each quadrant was sent as a parameter to the GSP algorithm, and the 
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sequential patterns and support for each one was obtained. The complete number sequences of 

quadrants A, B, C, and D students were 213. 

Table 3. Example sequence of student 1’s behavior representation (Rep) 

Participant 
Interval 

Behavior Rep.. idSec 
Begin End 

Student1 1 2 On-Task ONT2 22 

Student1 3 4 Off-Task OFFT2 3 

Student1 5 6 On-Task ONT2 22 

Student1 7 8 Off-Task OFFT2 5 

Student1 9 14 On-Task ONT6 51 

Student1 15 15 Off-Task OFFT1 1 

Student1 16 18 On-Task ONT3 30 

Student1 19 20 Off-Task OFFT2 3 

Student1 21 37 On-Task ONT17 19 

Student1 38 38 Off-Task OFFT1 1 

Student1 39 41 On-Task ONT3 30 

The Minimum Support Value (MinSup) represented as a percentage of occurrence (support) of the 

transactions containing all the pattern items in the GSP algorithm was set to 50%. For quadrant A, 

56 sequences were found with support equal to or greater than four and equal to or less than eight. 

In quadrant B, 74 sequences with support equal to or greater than three and equal to or less than five 

were found. In performance quadrants C and D, no sequences with support equal to 50% were found. 

However, 83 sequences with a support value equal to two were found. It is observed that the patterns 

with a higher support number contain fewer behavioral sequences, and those with a lower support 

number are made up of more complex sequences. 

An example of the behavioral patterns of quadrant A is shown in Table 4. It can be noted that the 

shortest patterns contain only one behavior sequence, and the longest contains five. The highest 

support found in the patterns is eight. The patterns with this support manifest the OFFT1 sequence, 

which is the presence of the Off-Task behavior during a seven-second interval at different times of 

the activity, but no more than three times during the entire activity. Sequences with a support of 6 

involve the behavior Off-Task with a longer duration (OFFT2) or the presence of OFFT1 four times 

during the entire activity. Behavior patterns with less support (minimum four) are also observed that 

involve the occurrence of sequences of behavior Off-Task for two or more periods of seven seconds 

(OFFT2, OFFT3) and the presence of behaviors On Task and Off-Task at time intervals greater than 

21 seconds (ONT3, ONT4). Considering the scope of application, this is interpreted as students in 

this quadrant spending very little time outside of the activity and combining short periods of 

inactivity with periods of activity of intermediate duration. Most of the time, they interact and say 

they are doing the activity continuously. In other words, they spend the most time doing something. 

Table 4. Example of behavioral patterns found in quad-A 

Sequence Support 

OFFT1, 8.0 

OFFT1, OFFT2 , 6.0 

OFFT1, OFFT1, ONT3, 5.0 

ONT2, OFFT2, OFFT1, OFFT1, 4.0 

Table 5 summarizes the results of measuring the student's performance and identifying the 

behaviors, showing the occurrence of behaviors (On-Task and Off-Task) manifested by each student 

during the interaction session grouped by performance quadrant. 

In quadrant B, the shortest patterns contain one behavior sequence, while the longest contains ten. 

The highest support found is five for the pattern with a single sequence of behavior and three for the 
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pattern with the most extended sequence. The patterns with longer sequences and support three are 

shown below. In them, it is observed that the OFFT1 behavior sequence predominates, and it is 

observed in the pattern with a length of eight that this Off Task behavior sequences occur after the 

student manifests an On-Task behavior for 28 seconds. (ONT4). It is interpreted that the students of 

quadrant B, during the activity, manifest a more significant amount of dead time. When they return 

to do it, they do so for more extended periods. Compared to the students in performance quadrant 

A, the students in performance quadrant B interrupt a more significant number of times, for short 

periods, performing the activity. After that, they begin to perform it for a longer time. In other words, 

they tend to manifest periods of inactivity more frequently, followed by periods of activity 

periodically, causing them to take longer to perform. However, they could have answered the 

activity exercises correctly. 

Table 5. Student behaviors and performance quadrant 

Participant Performance 

Quadrant 

On-Task Off-Task 

Student1 A 183 14 

Student2 A 220 30 

Student3 B 227 34 

Student4 A 241 9 

Student5 B 284 3 

Student6 B 262 10 

Student7 A 171 6 

Student8 A 215 12 

Student9 B 253 27 

Student10 B 250 14 

Student11 A 218 11 

Student12 A 170 13 

Student13 C 224 18 

Student14 D 245 18 

Student15 A 234 23 

Student16 D 269 9 

In quadrant C, no patterns with support more significant than three were found because only one 

student was assigned in this quadrant based on his performance in the activity. It is necessary to 

have more students be able to identify sequences of behavior in common. 

In quadrant D, all the patterns found have support two and range in length from one to eight behavior 

sequences. The most representative sequence in most patterns is ONT9, which means that the student 

manifested On Task behavior for 63 consecutive seconds during the activity. It is essential to 

mention that students from quadrants A and B do not manifest this sequence. In other words, students 

in the F quadrant spend more time in short periods of inactivity than doing the task and occasionally 

tend to resume the activity for long periods. 

An analysis of the sub-sequences found from quadrants A and B was performed to allow the system 

to identify the performance quadrant based on the sequence of behaviors manifested during the 

activity. For this sequential analysis, the authors considered the works of [48-49]. 

The procedure for the analysis of each student sequence is as follows: 

● The sub-sequence identifier algorithm finds all quadrants' sub-sequences in the sequence. 

● Each sub-sequence occurrence is stored, a matrix is generated, and this matrix is sent to 

the classifier. 

The sequences of the students are those identified when the atomic behaviors manifested during the 

study session were coupled. The sub-sequences used for this exercise are those found by the GSP 

algorithm from performance quadrants A and B. The sub-sequences of quadrants C and D weren't 
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considered due to the small number of students who, according to the calculation of their 

performance, have 1 and 2 students, respectively.  

Table 6 presents an example of sub-sequence organization considering the motif approach. 

Subsequently, the sub-sequences found were counted for each student (13 students, eight from 

quadrant A and five from quadrant B). The students from C and D quadrants were not considered 

because their GSP patterns were not representative due to the small number of students belonging 

to those quadrants. Subsequently, these were organized, considering the structure of the motifs of 

the article [48] and the analysis process [48-49], resulting in the information being organized as 

presented in Table 7. A total of 128 sub-sequences correspond to the performance quadrants A and 

B after removing two repeated sequences in both performance quadrants. 

Table 6. Example of sub-sequences and motif organization 

Sub-sequence Motif 

OFFT1 motif1 

OFFT2 motif2 

OFFT3 motif3 

ONT2 motif4 

… 

OFFT1, OFFT1, OFFT1, OFFT1, OFFT2 motif53 

OFFT1, OFFT1, OFFT1, ONT3, OFFT1 motif54 

OFFT1 motif55 

OFFT2 motif56 

Table 7. Example of motif(m) occurrence in each student (St) sequence 

St m1 m2 m3 m4 m8 m10 m13 
1 6 4 0 2 15 20 12 

2 8 3 2 2 28 7 3 

3 14 1 1 1 91 3 10 

4 5 2 0 1 10 3 5 

5 3 0 0 0 3 0 0 

6 10 0 0 0 45 0 0 

7 4 1 0 1 6 0 0 

10 8 3 0 1 28 12 7 

11 5 0 2 0 10 0 0 

12 3 1 0 0 3 2 0 

15 9 4 2 1 36 6 6 

6.2 Analysis of sub-sequences of student behavior 

Once the occurrence of each behavior sub-sequence in each sequence of the 13 students was 

recovered, two students were randomly drawn. The remaining 11 were used to train the classifier 

using the Orange Data Mining tool, version 3.30. 1. The data on sub-sequence occurrence from the 

two students separated from the original group were used to assess whether the classification was 

adequate. The results of the different classification models in the Orange Data Mining tool are shown 

in Table 8. There we can see that of the four selected models (Neural Network, Random Forest, 

Naive Bayes, Tree), the two models that had the best results, despite the small data, were the Neural 

Network and Naive Bayes. 

Various feature elimination methods were used to know the most representative sub-sequences of 

quadrants A and B. The authors used ReliefF and Information Gain as scoring methods. The results 

are shown in Table 9. 

One of the approaches to identify the performance quadrant while the student is performing the 

activity is through decision trees, defined by [44] as "a prediction model that, given a set of data, 
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diagrams of logical constructions are made, which serve to represent and categorize a series of 

conditions that occur successively, for the resolution of a problem". 

Table 8. Evaluation results 

Model AUC CA F1 Precision Recall 

Tree  0.214 0.455 0.398 0.354 0.455 

Random 

Forest 

0.143 0.273 0.285 0.315 0.273 

Neural 

Network 

0.500 0.636 0.636 0.636 0.636 

Naive Bayes 0.500 0.636 0.636 0.636 0.636 

Table 9. Best-scored sub-sequences using the Scoring Methods (SM): ReliefF (RF) and Information Gain 

(IG) 

SM Id Sub-sequence Value 

RF 58 ONT20 0.192 

RF 67 ONT10, ONT4 0.178 

RF 80 ONT4, ONT10, OFFT1 0.163 

IG 58 ONT20 0.468 

IG 67 ONT10, ONT4 0.468 

IG 80 ONT4, ONT10, OFFT1 0.370 

Finally, to identify in an intelligent educational environment, at runtime, the student's performance 

quadrant based on the interaction with objects, it is necessary to find a set of rules that, incorporated 

into the ambient intelligence system, allow personalized support without waiting to finish the 

activity. A decision tree and the data set of the 11 previously selected students were used to find 

them. 

Fig. 3 shows the resulting decision tree, from which the following rules are identified: 

● If (motif1 > 9) = QuadrantedperformanceB. 

● If (motif1 ≤ 9)&(motif58 ≤ 0) = QuadrantedperformanceA. 

● If (motif1 ≤ 9)&(motif58 > 0) = QuadrantedperformanceB. 

 

Fig. 3. Decision tree 
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The rules obtained from the decision tree are likely used so that, during the activity, the intelligent 

environment can generate personalized interventions that improve student performance. For 

example, if it is identified from the interaction records (that the student generates during the activity) 

that the student may result in low performance, the environment would intervene to help him 

improve his final performance in a personalized way. 

7. Discussion 

Including personalization mechanisms in an intelligent educational environment will allow the 

environment or educational systems to execute prompt interventions by identifying students in at-

risk situations and aiding based on teaching-learning experiences [50]. 

To achieve this, it is necessary to consider contextual information about the student (academic and 

personal) to identify the student's learning needs, why they need to learn it, and the most appropriate 

way to learn it. With this, it is possible to design a personalized learning path for each student that, 

through a non-intrusive follow-up supported by technology, would allow the identification of 

deviations in those paths and, therefore, students in risk situations. 

Knowing the student's behaviors while performing the activity would allow the intelligent 

educational environment to improve student performance by helping them move from a C or D 

quadrant, which performs below the desired level, to an A or B. An intelligent educational 

environment would provide support materials or interventions on the activity's topics. 

The process described in this work can be helpful to incorporate personalization mechanisms into 

educational environments and to enhance customization services or applications like affective 

feedback systems [51], identifying the competency level of students [52], monitoring students while 

writing academic tasks [53], and learning monitoring and customization in mobile learning 

platforms [54]. To analyze data from user interaction with objects or with educational software and 

provide customized learning materials for each student considering their strengths, needs, skills, 

interests, and academic performance. 

8. Conclusions and future work 

The proposal addressed in this work contributes to identifying user behaviors through monitoring 

the user-object interactions manifested when performing academic activities and monitoring through 

a non-intrusive observation of the activities carried out in intelligent educational environments. 

Mainly, when addressing the case study, it is intended to contribute to the improvement of teaching-

learning processes by supporting its users by identifying their behaviors and associating them with 

the performance of the academic task they are performing to identify needs presented by students or 

to identify ways to improve their performance in a university intelligent learning environment 

setting. 

It was necessary to analyze recent works on intelligent environments, ubiquitous computing, and 

ambient intelligence that address identifying user behaviors and those applied in the educational 

field. This topic is partially covered in the educational field, so it was in our interest to work on it. 

During the data-collection process, light conditions changed from natural to artificial to avoid 

problems related to the detection of markers. Also, a local database server was set up to avoid 

misconnection and data-storage problems. 

The test results showed that it is possible to measure the student's performance quadrant and identify 

her performance by analyzing her interactions with objects. Also, a higher concentration of students 

is observed in the A and B performance quadrants, and fewer students in the C and D quadrants. 

However, this is an unexpected result due to the balance of the quadrants for the classification of 

students and subsequent discovery of patterns; it is a positive result that indicates that the students, 

for the most part, perform well in terms of having a higher-than-expected result in the activity. Most 

students exhibited On Task behavior for most of the activity; it is possible to interpret this as a 
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greater involvement of the participants in the task. Nevertheless, it is possible to develop further 

studies in a controlled environment where the student is in a more familiar environment for him and 

with more freedom. 

Although it is not possible to generalize the results from such a limited sample, observable 

indications and differences are obtained in the development of the activity of the students in each of 

the quadrants. Students in quadrants A and C show more behavior Off Task at the beginning and 

end of the activity, while students in quadrant B show this behavior throughout the development of 

the activity. In the two students in performance quadrant D, the development of the activity is 

different. 

Concerning the use of observed behavior patterns, identifying the occurrence of sub-sequences in 

each behavior sequence of the students in quadrants A and B was carried out due to having a more 

significant number of students. Using the Orange Data Mining tool and the classification models 

Neural Network, Random Forest, Naive Bayes, and Tree, training, and testing were done with the 

data of the 13 students (11 for training and two for testing).  

The number of participants for this work is small and it is not possible to generalize results. Due to 

this very limited number of data, the performance of the classifiers is low and can be improved by 

increasing the sample. Therefore, the results obtained are not conclusive, so more experiments with 

a larger number of participants will be needed to obtain more reliable results.  

Future work considers the evaluation with a larger number of participants, also the incorporation of 

the analysis process into a system to automatically identify student behavior and performance during 

the activity to provide customized assistance during the learning process.  
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