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Abstract. A strategy that supports the student’s academic and personal forma-
tion is that university consider tutoring as a mechanism that supports with favor-
able results to fight against the desertion of students. However, there are related
problems in performing student segmentation and conducting psychological inter-
ventions. The objective was to formulate a classification model for intervention
programs in university students based on unsupervised algorithms. For this, we
carried out a non-experimental, simple descriptive study on a population of 60
university students; we carried out the data extraction process through a chatbot
that applied the BarOn ICE test. After we obtained the data, the unsupervised
k-means algorithm was used to group the students into sets determined based on
the closest mean value obtained from the psychological test. We built a model
for classifying students based on their answers to the BarOn ICE test based on
K-means, with which we obtained five groups. The model classifies students by
applying a different mathematical method to that used by the models applied by
psychologists.

Keywords: Automated classification · Artificial Intelligence · Grouping ·
K-means · University Tutoring

1 Introduction

The emotional and psychological state of the student is a fundamental element for univer-
sity academic success [1], in this sense, according to University Law No. 30220 promul-
gated in July 2014, in Peru the State is the regulatory agent and supervisor of compliance
with the basic quality conditions in public and private universities [2]. Thus, the National
Superintendence of Higher University Education (SUNEDU), as established in the Law

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2022
Published by Springer Nature Switzerland AG 2022. All Rights Reserved
A. L. Pinto and R. Arencibia-Jorge (Eds.): DIONE 2022, LNICST 452, pp. 191–203, 2022.
https://doi.org/10.1007/978-3-031-22324-2_15

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-22324-2_15&domain=pdf
http://orcid.org/0000-0002-2793-5311
http://orcid.org/0000-0002-3921-7317
http://orcid.org/0000-0002-1783-1105
http://orcid.org/0000-0002-8806-2892
http://orcid.org/0000-0002-7369-4459
http://orcid.org/0000-0002-5569-8739
https://doi.org/10.1007/978-3-031-22324-2_15


192 B. Huamán et al.

has defined compliance with key processes to be developed to guarantee comprehensive
university education [3].

Article 87 of the Law makes it mandatory for universities, through their teachers, to
provide tutoring to students to guide them in their academic development and this seeks
to identify, prevent and correct various situations of psycho-emotional risk, through
monitoring and adequate support to the student’s problem [4].

Tutoring constitutes a mechanism that can support with favorable results in the fight
against the desertion of students in their university academic activities, in addition this
strategy, apart from collaborating with academic training, supports personal training [5].
This process considers the university education of the student and the extracurricular
needs that theymayhave, all developed under a personal accompaniment system, in order
to support, guide and advise the student in the academic, professional and personal-social
dimensions [6].

Under this premise, university tutoring together with the teaching function provide
the essential mechanisms for monitoring the student’s training process [7]. In this sense,
universities must respond to the challenge of providing comprehensive education, insti-
tutionalizing methods and procedures that guarantee the identification of students with
academic risks and establish preventive and corrective intervention programs to mitigate
the probability of dropout and academic delay [8]. Thus, within universities, the tutoring
area is in charge of directing certain key processes related to the psychological care and
monitoring of the university student in order to promote professional development and
projection [9].

However, there are factors that affect the university tutoring process such as the
excessive workload of teachers, making the work they do in the academic field more dif-
ficult [10, 11]. The insufficient equipment and technological support services, where the
tools used are not innovative and most of the processes are carried out manually, making
it difficult to acquire new learning and adequately manage the results of psychological
evaluations towards students, also affecting the time to obtain results, and limiting the
performance of more periodic tests during the academic semester [12, 13].

Consequently, the difficulties that arise in monitoring the tutoring process are poor
academic performance; a very common issue in universities that is related to the psycho-
logical aspect of the student [14]. Another consequence is that teachers have difficulties
in virtual teaching due to technological aspects (connectivity) and this affects the basic
conditions of quality, by not providing an educational service that cares about the needs
of the student [15]. That is why information and communications technology (ICT) have
become a basic pillar in education today, which favors and facilitates the teaching and
learning processes [16, 17]. In this sense, there is a need to incorporate ICT in universi-
ties, because it is positive due to its importance in the novelties it brings with it and the
employment capacity it possesses [18, 19].

The use of ICT in the field of education has become important [20], since technologi-
cal tools are linked to students, because these are the ones who use electronic equipment
in their related activities in their university academic training [21]. Likewise, ICT in
the university context has become an element that adapts to the needs to increase the
competitive advantages of universities [22].
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ICTs as computer support of the knowledge society help to build innovation capac-
ities in the field of education [19]. Digital inclusion in organizations has allowed the
development of technology based on Artificial Intelligence (AI), such as chatbots and
autonomous learning systems [16, 23].

That is whyAI-based technology has revolutionized theways of conducting tutoring.
This has not been excepted in university tutorials that have applied business intelligence
(BI) for decision-making, however, none of these focuses on being able to identify the
psychological situation when they enter university [24]. Rules-based models make it
easy to create chatbots. Conversational agents or chatbots have the ability to interact
with users using natural language and have the capacity for continuous learning in order
to expand their knowledge in the field or subject of their programmed specialty [25].

However, it is difficult to create a bot that answers complex queries. Patternmatching
is weak and therefore bots based on AIML (Artificial Intelligence Markup Language)
suffer when they encounter a sentence that contains no known patterns. Also, it is quite
time consuming and requires a lot of effort to write the rulesmanually [25]. As part of the
solution to this problem, unsupervised algorithms are evaluated using various structural
indices [26].

The methods used to evaluate the algorithms that solve classification problems
change considerably due to the intrinsic characteristics of each type of problem [7,
27]. The main applications of unsupervised learning are related in the grouping or clus-
tering of data [28, 29]. These algorithms are based on the distance between observations.
The most used clustering algorithms are k-means clustering and hierarchical clustering
[30, 31].

The development of the study considered three principles: first, the disposition of
the conversational agent for the effective delivery of messages; second, to control and
monitor the responses and behaviors of each student; and finally the personalized inter-
action with each user [32, 33]. In addition, the significant presence of issues that respond
to the socio-psychological dimension is considered important [34].

This study aimed to develop an automated classification model based on the collec-
tion of information through a chatbot and the unsupervised learning algorithm applica-
tion k-means, for the assertive determination of psychological intervention programs for
university students carried out during the evaluation process of university tutoring of the
universities of Peru.

2 Materials and Methods

2.1 Unit of Analysis

It is a simple descriptive, non-experimental investigation. The study used a sample of 60
students from the Faculty of Engineering and Architecture of the Universidad Peruana
Unión, to whomwe applied the BarOn ICE test through a chatbot, in order to obtain data
on their performance regarding to the different criteria taken into account to evaluate
emotional intelligence.
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2.2 Chatbot Construction and Data Extraction

We obtained data through a virtual tutoring platform based on chatbot in which a con-
versation was configured using the BarOn ICE test that was sent to the student’s email;
containing 60 items that were answered evaluating the responses on a Likert scale of
five possibilities [35]. Once we obtained the data, we tabulated and processed according
to the logic of the BaronICE test, generating as a result scores valued according to seven
dimensions of emotional intelligence.

The chatbot is useful for automating tasks and processes in order to provide a better
user experience [25, 36]. The developed chatbot can support different platforms. The
prototype construction process included a review phase and an error correction phase.

The construction begins with the design of the entity-relationship model of the
database that supports the logic necessary to obtain information on the dimensions of
emotional intelligence of each university student. We used Navicat 15 to build the model
and we deployed the database in MySQL 8.0.25.

The design of the interfaces took into account the following basic modules: impor-
tation of students, data collection instruments, scheduling of mailings, follow-up of
responses and a statistical module on the performance of the use of the chatbot.

We developed the chatbot-based virtual tutoring platform in Python version 3, using
the Django framework in version 3.2; it consists of the test modules and test types. We
design the graphical user interface using Bootstrap 4.

2.3 Data Processing

Once we consolidated and transformed the data into useful information, we take the
scores of the scales obtained thanks to the BarOn ICE qualification; we carried out this
process for each student, all finally stored in a dataset, for processing.

The data was compiled in the Jupyter Notebook tool using the k-means algorithm,
one of the most popular clustering algorithms [37]. This algorithm assigns each data to
one of the N clusters [38]. The ideal cluster in k-means is a sphere with the centroid as
the center of gravity [39]. The goal in k-means is to minimize the average distance of
the data from its cluster centers, where a cluster center is defined as the mean or centroid
in a cluster [40, 41]. We summarized the process in Fig. 1.

The process starts with the initialization of the packages and libraries for data
processing and subsequent drawing.

We used a library for mathematical calculations, for the manipulation and opera-
tionalization of numerical tables, for the generation of graphs based on lists and the one
that allows the use of the k-means algorithm.

import numpy as np 
import pandas as pd 
import matplotlib.pyplot as plt  
from sklearn.cluster import KMeans  
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Fig. 1. K-means flow diagram [31].

To import the data, we opened the database contained in the file “BarOn Ice.csv
Database” and we eliminated the first column corresponding to the identification of the
students.

estudiantes = pd.read_csv('/home/gcode/Documentos/Base  
de  datos  BarOn  Ice.csv', engine="python")
estudiantes_var = estudiantes.drop(['Alumno'],  axis=1)

For data scaling we import the “preprocessing” package from the “sklearn” library
for the data normalization process.

from sklearn import preprocessing as pp

We assigned the normalized data to the variable “data”. In addition, we copy the data
from in the variable “x” for the search process for the optimal number of clusters.

datos_n = pp.Normalizer().fit_transform(estudiantes_var)

To find the optimal number of clusters, inertia is the term used to denote the sum of
the squared distances of each point with respect to the centroid of its own cluster [42].
Likewise, we execute the k-means algorithm repeatedly, each time giving it a greater
number of clusters in its parameters, we measure the inertia obtained in each iteration
and add it to the “inertia” list.
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inercia = [] 
for i in range(1, 10): 
algoritmo =  KMeans(n_clusters=i,  init='k-means++',  
max_iter=300,  n_init=10) algoritmo.fit(x) 
inercia.append(algoritmo.inertia_) 

Subsequently, graph the evolution of inertia with respect to the number of clusters
in each iteration.

plt.figure(figsize=[10,6]) plt.title("Método del codo") 
plt.xlabel('N°  de  Clústeres') plt.ylabel("Inercia") 
plt.plot(list(range(1,  10)),  inercia,  marker='o') 
plt.show() 

Once we established the optimal number of clusters, we execute the algorithm with
the initial normalized data set “data_n”, and we indicated the number of clusters to
generate.

algoritmo =  KMeans(n_clusters=5,  init='k-means++',  
max_iter=300,  n_init=10) 

Likewise, we fit the model generated with the normalized data in the variable “x”
and assign the attributes “cluster_centers_” and “labels_” to the variables “centroides”
and “labels” respectively.

algoritmo.fit(x) 
KMeans(n_clusters=5) 
centroides, etiquetas = algoritmo.cluster_centers_, 
algoritmo.labels_ 

As a result, we print each student from the initial data set with a label that identifies
the cluster to which we assigned by the algorithm.

print(etiquetas) 

Later, we import the package “decomposition” from the library “sklearn” for the
graphical representation of the clusters.
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from   sklearn.decomposition   import   PCA 
modelo_pca = PCA(n_components=3); modelo_pca.fit(x) 
pca = modelo_pca.transform(x) 
centroides_pca = modelo_pca.transform(centroides) 
colores  =  ['red',  'blue',  'green',  'yellow',  'black'] 
colores_cluster = [colores[etiquetas[i]] for i in 
range(len(pca))] 
plt.scatter(pca[:,  0],  pca[:,1],  c=colores_cluster,  
marker  =  'o',  alpha=0.4) 
plt.scatter(centroides_pca[:,  0],  centroides_pca[:,1],  
marker  =  'x',  s=100, 
linewidths=3, c=colores) 
xvector = modelo_pca.components_[0] * max(pca[:, 0])  
yvector = modelo_pca.components_[1] * max(pca[:, 1])  
columnas = estudiantes_var.columns 

3 Results

3.1 Chatbot Construction and Data Extraction

Figure 2 shows the virtual tutoring chatbot interface that we built to collect data on emo-
tional intelligence from students. We complemented the tool with different instruments
provided by a psychologist; this platform carries out the application of these instruments
and collects the answers given by the students. To do this, each student enters a person-
alized link, which we sent to his or her email address from the tutoring administration
platform. As in the study of [25], the university chatbot provides efficient and accu-
rate answers to user questions about university information. In addition, [36] develop a
multiplatform chatbot that instantly answers student questions; in addition, the chatbot
supports a login system to provide answers according to the different student profiles,
becoming a more personalized means of communication.

3.2 Data Processing

As the first result of the k-means execution process in the Jupyter Notebook tool, we
obtained a graph for the choice of the optimal number of clusters as shown in Fig. 3.
The main idea of k-means and the algorithms Clustering is to minimize the intra-cluster
variance and maximize the inter-cluster variance, where each observation must be found
as close as possible to its group and as far as possible from another type of group, as
stated in their studies [28, 39].

To find the optimal number of clusters, the elbow method was applied, where [33]
mention that the elbowmethod is used to optimize the number of clusters in the k-means
algorithm. Also [38] determining the exact number of clusters, in such a way the mean
distance of the observations was applied to its centroid, obtaining that the value of k
satisfies an increase of k.
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Fig. 2. Graphical interface of the chatbot on a mobile device

Fig. 3. Evolution of inertia with respect to the number of clusters

After the analysis of the graph of the elbowmethod Fig. 3, we established the optimal
number of clusters and we executed the algorithm with the data set (the consolidated
of the responses obtained after applying the BarOn ICE test to the group of students).
Indicating the number of clusters that we have to generate and as a result, we obtained
the graphical representation of the clusters as shown in Fig. 4. We have to clarify that
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a psychologist, who would be the commission to develop the intervention programs, as
well as the effectiveness, would later analyze the resulting groupings and efficiency of
the algorithm represented in the results.

Fig. 4. Graphic representation of the clusters

Based on the results of Fig. 4, we can state that the process of segmenting the
individuals of a group based on their behaviors or similar characteristics in the same
segment, helps to unravel the hidden patterns in the data for a better decisionmaking [37].
In addition [29, 37]mention that thanks to the help of the unsupervised learning algorithm
k-means, the results of the clusters of the data of interest are graphically represented,
helping to more optimally determine the density of the clusters, collaborating with the
organization of the information generated. Considering that, the visualization tools help
the researcher to achieve a better performance in the intermediate tasks of the review of
the information, such as identifying main themes, associates and extracts with relevant
contributions to the tasks carried out.

The application of the solution allowed generating a segmentation model of univer-
sity students to determine psychological intervention programs that summarizes all the
steps of the intervention carried out as shown in Fig. 5.

In step (0), we show the entities that would participate in the intervention of the
process: (1) the selection of a sample of students to whom the psychological test will be
applied. (2) A chatbot was the tool built in order to apply the BarOn ICE test for data
extraction. (3) Datawas stored in a dataset. (4)We carried out the analysis and processing
of the data, to transform them into consolidated information, where together with the
support of the k-means algorithm we carried out the information segmentation process,
obtaining as a result five groups with similar characteristics. (5) The intervention of a
psychologist who was in charge of analyzing the final information and being able to
carry out psychological intervention programs in university students. In this way, after
the application of k-means groupings as in the work of [27], we can be able to identify
the factors that lead to the success or failure of a student. This will allow the mentoring
area to provide appropriate advice and focus more on those factors.
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Fig. 5. Student segmentation model

4 Conclusions

The classification model for university students using k-means significantly reduces the
work of the psychologist in the data collection and segmentation process. Based on the
processing of the responses of the applied test, clusters were obtained that must later be
labeled by a qualified professional. The elbowmethod allows the formation of an optimal
number of clusters. Due to its parameterizable characteristics, the model allows for data
clustering regardless of the type of psychological test applied. It is only necessary to
scale the response to obtain a number of clusters that represent logical groupings allowing
coveringmore dimensions of the psychological field,with the purpose to identify, prevent
and correct various situations of psycho-emotional risk that university students may
present.
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