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Preface 

The 5th International Conference on Data Engineering and Communication Tech-
nology (ICDECT 2024) follows the immense success of its past four editions in 
various countries. The conference is organized by Asia Pacific University (APU) 
during September 28–29, 2024, in a hybrid format, allowing both in-person and 
virtual participation, making it accessible to a worldwide audience. 

With the theme “Innovation Paradigms: Knowledge, Intelligence, and Sustain-
ability for Societal, Environmental, and Industrial Impact”, the event brought together 
researchers, academics, and professionals to discuss the latest advancements in tech-
nology and their practical applications across industries. The registered papers in this 
conference have been organized into four proceedings volumes, further contributing 
to the growing knowledge in data engineering and communication technology. This 
book, Innovations in ICT: Sustainability for Societal and Industrial Impact, is a  
compilation of papers which brings together cutting-edge research in Information 
and Communication Technology (ICT) presented at ICDECT 2024. 

ICDECT 2024 began with an engaging inaugural session, graced by distin-
guished leaders including Prof. Dr. Ho Chin Kuan, General Chair and Vice 
Chancellor of Asia Pacific University (APU), Prof. Ts. Dr. Murali Raman, 
Co-chair and Deputy Vice Chancellor of APU, along with Steering Committee 
Chairs Prof. Suresh Chandra Satapathy (KIIT Deemed to be University, India) 
and Prof. Siba K. Udgata (University of Hyderabad, India). Their insightful 
addresses set the tone for the conference, emphasizing the importance of inter-
disciplinary research in the ever-evolving fields of data engineering and commu-
nication technologies. The first day of the conference was held in a physical 
mode and was packed with a series of keynote lectures and paper presentations 
by authors. These provided attendees with an opportunity to explore cutting-edge 
research in the field. The program also included valuable networking opportuni-
ties for the participants with industry experts and other elites in the field of data 
engineering. 

ICDECT 2024 was an excellent platform for new ideas, networking, and collab-
orative efforts to address the pressing challenges of the modern world. The ICDECT 
2024 is honored to host a distinguished lineup of keynote speakers, each offering

v



vi Preface

deep insights into their fields. Prof. Ishak Bin Aris from Universiti Putra Malaysia, 
Malaysia, will deliver the opening keynote, titled “The Past, Present and Future 
Trends of Vehicle Communication System”, exploring the evolution and future 
directions of vehicular communication technologies. Following this, Prof. Angela 
Lee Siew Hoong from Sunway University, Malaysia, will present “Revolutionizing 
Healthcare: The Transformative Power of AI”, focusing on how artificial intelligence 
reshapes the healthcare industry and its potential impact. The third keynote speaker, 
Mr. Aninda Bose, Executive Editor at Springer Nature, London, UK, will share his 
expertise on “Nuances in Scientific Publishing”, discussing the intricate processes 
behind scientific publications and the evolving landscape of academic publishing. On 
the second day, Assoc. Prof. Dr. Selvakumar Samuel from Asia Pacific University, 
Malaysia, will speak on “The Limits of Automated Intelligence”, addressing AI’s 
current boundaries and potential future capabilities. Each keynote session promises 
to offer invaluable perspectives for researchers and professionals in the field. 

ICDECT 2024 was a resounding success, thanks to the meticulous efforts and 
dedication of the organizing committee. We extend our heartfelt congratulations to the 
organizers for their outstanding work in making this event memorable and impactful. 
A special thank you to all the authors and attendees, whose active participation and 
enthusiasm made the conference a remarkable experience. We would also like to 
express our deepest gratitude to the technical session chairs, whose expertise and 
guidance played a pivotal role in shaping the technical program. Our appreciation 
extends to the special session chairs and reviewers, whose tremendous knowledge 
and diligent efforts in evaluating manuscripts significantly contributed to the quality 
of the conference. 

Jaunpur, India 
Kuala Lumpur, Malaysia 
Hyderabad, India 
Virginia, USA 
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Interpretive Clustering in Vocational 
Orientation as a Tool for Career Planning 
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Sergio Rogelio Tinoco Martínez, Heberto Ferreira Medina, 
Gustavo A. Vanegas Contreras, Jesús L. Soto Sumuano, 
Juan J. Ocampo Hidalgo, and Yadira Guillén Sánchez 

Abstract Choosing a career path is a crucial decision in a high school student’s 
life. With the proliferation of educational options, the process can be overwhelming. 
This is where machine learning (ML) comes in and specifically, clustering, which is 
a technique used to group similar data. This approach helps you find a career that fits 
your interests and skills. Clustering applied in career counseling involves analyzing 
data related to students’ interests, skills, personality, and preferences. ML algorithms
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group students into categories according to common patterns. A student who shows 
an affinity for mathematics and problem solving might be grouped into a set that 
suggests careers in fields such as engineering. This provides accurate, personalized 
guidance for students who are exploring their career options. Data science helps 
students understand the demands of the job market. 

Keywords Educational guidance · Career choice · Automated learning ·
Clustering 

1 Introduction 

The economic growth of the regions and therefore of the labor market generates the 
need for better trained human resources to meet the needs of the public and private 
organizations that drive the economy of the countries. This need has contributed to the 
diversification of increasingly specialized professions and to the exponential emer-
gence of new professional careers and occupations. In the same way, the requirements 
for education and training by formal education are greater and demand an occupa-
tional choice according to their skills. The socioeconomic and personal capabilities 
that guarantee job success and personal satisfaction, and better yet, that the choice 
is in line with the vocation built since childhood in the family. The above mentioned 
increases the difficulty for adolescent students to adequately and consciously choose 
their professional path; in addition to the psychosocial crisis, they are going through 
during the search and construction of their own identity and self-concept through 
existential questions that allow them to give meaning to their being and their exis-
tence. It is here where technology can be used, specifically automated learning, which 
through techniques such as clustering provides the conjunction of certain variables 
that would help the student to measure its scope and obtain a more favorable proposal 
for the development of his life in a professional and academic way. As more infor-
mation is collected about themselves and their preferences, algorithms can adjust 
recommendations to provide more accurate and personalized guidance. As such, 
this research proposes using these technologies to work with counselors to provide 
personalized guidance, identify relevant career opportunities, and prepare students 
for a successful and rewarding future career. Currently, only talks and interviews with 
experts are offered, which allow students to learn about the context of the different 
areas in which they can help them select their careers, but they fall short and for many 
students they are not very helpful. It is therefore important to prepare the student’s 
ground to introduce machine learning as a viable solution.
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2 Materials and Methods 

2.1 Orientation 

It is a branch of education and psychology. According to Vidales in 1988, it distin-
guishes three types of orientation: (1) The professional, which addresses the world 
of work and productivity. (2) Vocational guidance is distinguished by the successful 
choice of the student’s occupation and the extension of the term vocation, which 
includes the realization of the human being’s capacity in his or her life. Finally, (3) 
educational or scholastic, which takes place in schools and aims at the educational 
success of individuals. This classification is based on the activities and areas that the 
vocational counselor performs and emphasizes. The “vocational guidance” is the one 
that is taught in the educational centers of higher middle level as a discipline, which 
focuses on studying the characteristics of the relationship of the human being with 
work, the continuation of studies, career and other activities of life such as hobbies, 
sports, and altruistic or philanthropic activities. It implies an integral process based 
on a humanistic vision that seeks the realization of man through a productive and, 
above all, satisfactory life. In this discipline, methods and techniques are used to study 
capabilities, values, motivations, and environmental factors important for making 
decisions related to work and occupation; and theories that explain the process of 
human choice at this stage of life. One of the two aspects observed by guidance is: 
(1) vocation, understood as a process of construction throughout life; and as a natural 
aspect of the individual, it is understood as a complex phenomenon constituted by 
beliefs, feelings, aspirations, and values that motivate the person to act in a certain 
direction; it is something subjective and internal to the individual, so that tools should 
be used as a technique to demonstrate the results and contribute to the guidance task 
closer to the contextual and social needs of the individual. And (2) that focuses on 
the counselor and refers to the observation of the development of the career and/or 
occupation; this is an objective and observable phenomenon that easily evidences its 
results. According to Vondracek et al. [33], they characterize vocational guidance 
and career development as the discipline that:

• It covers the entire life cycle and is related to the development of the person.
• It requires a multidisciplinary vision for its study.
• It must consider individual differences in career development, as well as the 

relationship of the individual to his or her environment.
• They study a wide variety of events related to decision making at different levels 

of analysis. 

Education allows the development of countries, the growth of the economy, the 
increase of human capital and knowledge by its population, professions are a process 
that takes years of study and preparation in various areas, from health sciences, 
through exact sciences, business to arts, and sports. Virtually any area is an area of 
study, any aspiration to be a professional can be studied, and there is a path for those 
seeking to learn such knowledge and tools [30]. In the world, there are 7.67 billion
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Table 1 Academic profile of the vocational counselor 

Knowledge • On the main theories of orientation
• Factors influencing human development, motivational, and behavioral theories
• Basic information on professions and job positions
• Bases of assessment and measurement in psychology and education 
(psychometrics) 

Skills • Communication techniques
• Psychometric evaluation methods
• Interpretation of standardized and non-standardized tests
• Management of didactic resources for work 

Attitudes • Acceptance of the person
• Respect for the decisions, values, and aspirations of the individual
• Positive consideration
• Emotional maturity that allows him/her to work with the necessary knowledge
• Responsibility and ethics 

people, of which “only 6.7% of them have a university degree” according to the 
Independence University of the USA; even in more developed countries, the average 
number of higher education graduates is 45% of the population between 25–34 years 
old, according to the publication of the Organization for Economic Cooperation and 
Development [27]. In the USA alone, 46% of students have a college degree (Hanson 
2021). In Mexico, on the other hand, only 24% of the population has this academic 
level [27]. 

2.2 Academic Profile of the Vocational Counselor 

This discipline must be directed by a professional counselor, who tries to explain 
the factors that intervene in the development of a career and in the vocation of the 
individual. For this purpose, he/she must have a solid background in psychology, 
education, and human development, since he/she is a facilitator of decision making. 
This profile is around pedagogy, social work, psychology or, failing that, teacher 
educator if he/she complies with the following academic profile shown in Table 1. 

2.3 Data Science 

Data science is a multidisciplinary area that deals with processes and systems for 
extracting knowledge or insights from a large volume of data, which can be in 
different forms, structured or unstructured. This is a continuation of data analysis 
known as data mining or also known as knowledge discovery and data mining or 
KDD. Alex Liu (2015). The data science life cycle is divided into five stages: (1) 
collection, (2) preprocessing, (3) transformation, (4) data mining, (5) interpretation/
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Fig. 1 Data science lifecycle. Source https://www.researchgate.net/publication/298352841_A_M 
odel_For_Predicting_Ischemic_Stroke_Using_Data_Mining_Algorithms 

evaluation, and (6) knowledge generation. Different tools or methodologies are used 
in each process, and it is the data scientist who is responsible for understanding them 
as shown in Fig. 1. 

Kim [17] identifies three fundamental tools for data science which are (1) artificial 
intelligence, (2) machine learning, and (3) deep learning. He classifies these three 
tools as follows: deep learning is considered as a branch of machine learning, while 
machine learning is labeled as a branch of artificial intelligence. The same author 
defines the concept of machine learning as the process of building a model for 
data, where the data can be from any source (text, images, video, measurements, 
etc.), while the model constitutes the final product obtained by a machine learning 
algorithm. The dataset is usually divided into two subsets, called the training set and 
the test set. The training data is used to train the machine learning model, while the 
test data is used to validate it. This general scheme of dividing the dataset into two 
subsets, training the model and subjecting it to a validation process, is usually built 
iteratively until the result is obtained. This often helps to predict some event based 
on the analysis of the analyzed data. In some cases, it is the Contact Volume Editor 
that checks all the pdfs. In such cases, the authors are not involved in the checking 
phase. 

2.4 Machine Learning (ML) 

ML is one of the main branches of data science; “it is a form of artificial intelli-
gence that allows a system to learn from data rather than learning through explicit 
programming” [10]. The normal ML process is that it ingests training data and within 
the model an output of information is produced once trained. These can be iterative 
and more accurate data-driven models can be produced [10]. There are different 
approaches and many techniques that can be applied to ML; these depend on the 
nature of the problem to be solved and the volume of data (big data). The main

https://www.researchgate.net/publication/298352841_A_Model_For_Predicting_Ischemic_Stroke_Using_Data_Mining_Algorithms
https://www.researchgate.net/publication/298352841_A_Model_For_Predicting_Ischemic_Stroke_Using_Data_Mining_Algorithms
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Fig. 2 Types of automated learning. Source https://www.interempresas.net 

branches of ML are: (1) supervised learning, (2) unsupervised learning, (3) rein-
forcement learning, (4) semi-supervised learning, and (5) deep learning, as shown in 
Fig. 2. 

Supervised learning has the characteristic of having an established dataset, and its 
focus is to find patterns. The data is characterized by a label that defines the meaning 
of the data. Unsupervised learning is characterized by unlabeled data. The algorithms 
classify the data based on the patterns or groupings found. Reinforcement learning is 
behavioral; this algorithm receives feedback from data analysis. The difference with 
supervised learning is that it does not take the training set and is more trial and error. 
There are several models used with machine learning, which are used to predict 
and solve problems. Clustering with K-means is an algorithm that is used to find 
groups of similar objects, objects that are more related to each other than objects in 
other groups (see Fig. 3). Examples of business-oriented clustering applications are 
the clustering of documents, music, and movies by distinct topics based on common 
shopping behaviors as a basis for recommendation engines. Clustering groups similar 
data. Although it is not a prediction model, it allows to run data classification, Ikotun 
et al. (2023).

According to Martinez et al. (2023), artificial neural networks (ANNs) are 9) 
inspired by the structure of the human brain, deep neural networks are used for 
complex tasks such as image processing and natural language processing. ANNs 
replace the functioning of the brain in a computer. These are just a few examples, 
and there are many other models and algorithms used in machine learning. The 
choice of model depends on the specific problem and the available data. Finally, 
deep learning is a very specific type of ML because it involves a solution based on 
artificial neural networks, which push a gradient through a network with millions of 
weights, i.e., through different iterative layers. The artificial intelligence classification 
is very useful for data type solutions such as imaging, speech, and computer vision 
applications.

https://www.interempresas.net
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Fig. 3 K-means, clustering. Source https://octo.vmware.com/3-approaches-to-machine-learning/

2.5 Machine Learning Interpretability 

It is complicated to explain interpretability mathematically, so, on this occasion, from 
a “non-mathematical” perspective, interpretability is defined as the degree to which a 
human can understand the cause of a decision (Miller, 2019). For their part, Kim et al. 
[16] refer that interpretability is the degree to which a human can consistently predict 
the outcome of the model. It can be said then, that, the higher the interpretability 
of an ML model, the easier it is for someone to understand why certain decisions 
have been made or certain predictions have been made [25]. One model is more 
interpretable than another if its decisions are easier for a human to understand than 
the decisions of the other model. Consideration should be given to:

• Scope of interpretability. An algorithm trains a model that makes predictions; 
each step of the model can be evaluated in terms of transparency interpretability.

• The transparency of the algorithm refers to how a model learns from the (input) 
data and what kind of relationships it can recognize.

• Algorithms such as the least squares method for linear regression models are well 
studied and understood. They are characterized by high transparency.

• Deep learning approaches are not as well understood, and their inner workings are 
the subject of ongoing research. The latter are considered less transparent [25].

• Interpretable model. A model could be described as interpretable if the whole 
model can be understood at once [20].

• To explain the overall outcome of the model, the trained model, knowledge of 
the algorithm, and the data are needed. According to Molnar [25], this level of 
interpretability is about understanding how the model makes decisions, based on 
which features are important and what kind of interactions occur between them.

https://octo.vmware.com/3-approaches-to-machine-learning/
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2.6 Public Policy Guidelines for Secondary Education 

The Mexican Ministry of Public Education presented in 2019 the “Lines of Public 
Policies for Secondary Education”; where six general topics are addressed: (1) quality 
and equity; (2) contents and activities for learning; (3) dignification of teachers and 
revaluation of working conditions; (4) school governance; (5) educational infrastruc-
ture; and (6) financing and resources. The axis of education with quality and equity 
establishes that an urgent problem to be solved is school dropout. It is proposed to 
review the conditions of the student community at this educational level, as well as the 
functioning of the programs implemented to reduce school dropout. The section on 
educational infrastructure focuses on improving the physical conditions and services 
offered in educational facilities to ensure an environment conducive to learning; and, 
among others, it proposes the following: “Strengthening vocational and psycho-
logical support services for students.” Educational guidance contributes to what is 
established in the two previous sections, and to fulfill its purpose, it must be planned, 
programmed, executed, and evaluated [12]. Once the problem has been identified 
with first year high school students, the levels of knowledge they have about the 
context of their choice must be measured. These levels are stored in a dataset, which 
allows their subsequent analysis through data science. It was defined that the suste-
nance and scope of the research is grounded through different approaches among 
which are the approach: (1) experimental, (2) exploratory, (3) descriptive and (4) 
correlational [18]. For the development of the research, a set of stages were defined, 
which are shown in Fig. 4.

2.7 Educational Guidance Program to Help High School 
Students Decide on a Professional Career 

The educational guidance program seeks to favor vocational decision making in high 
school students, intervening in a timely manner in the initial stage of this educational 
level, considering that most of them were not provided with any kind of vocational 
support by the school institutions to which they have belonged. This work will 
support the vocational choice in a conscious way, trying to stick to the capabili-
ties, interests, economic, and social needs of the context in which it is intended to 
develop. In general, three levels of intervention are proposed, seeking to stimulate 
certain thinking actions. (1) Level I corresponds to the learning categories observed 
in knowledge and comprehension thinking actions of Bloom’s taxonomy proposed 
in 1956, which serves as the theoretical basis for the competency model, (2) level 
II makes use of the level of analysis and synthesis of information, and 3) level III 
refers to the level of application and evaluation of the same taxonomy, aiming to lead 
the student to the knowledge of information so that he/she is aware of the current 
situation and of his/her role as a social individual who contributes with his/her argued 
and solid decisions to the world of knowledge and innovation in the globalized world
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Fig. 4 Stages of the 
investigation. Source own

in which he/she finds himself/herself. In measuring instrument level I, measurement 
can be defined according to Carmines and Zeller (1979) as the process of linking 
abstract processes with empirical indicators through an explicit and organized plan 
to classify. In this process, the measurement or data collection instrument plays 
a central role since; without it, there are no classified observations. The measure-
ment instrument proposed to be applied before the development of the intervention 
program (pre-test) is the survey called “Analysis of the need for Vocational Guidance 
in High School students,” by Guillén [9] and which employs a Likert [19] proposal, 
designed in the electronic platform e-encuesta (www.e-encuesta.com), made up of 
24 questions related to the variables of the research, and which can be accessed at 
the following electronic address: http://www.eencuesta.com/s/MVKJlD7SQnuwt9w 
m2xSzwg/. The instrument designed for the pre-test phase contributes to obtaining 
the following data: (1) Conduct a diagnosis on the knowledge of the subject by the 
population to be studied. (2) To have a broad knowledge of the population under 
study. (3) Detect the real need on vocational aspects. (4) Locate respondents in 
socioeconomic level; know their school environment, parental influence.

http://www.e-encuesta.com
http://www.eencuesta.com/s/MVKJlD7SQnuwt9wm2xSzwg/
http://www.eencuesta.com/s/MVKJlD7SQnuwt9wm2xSzwg/
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Fig. 5 Dataset import process. Source own 

3 Results 

3.1 Data Analysis Using ML 

The dataset obtained from the survey applied to the students enrolled in the educa-
tional guidance program does not contain response variables to make predictions, 
nor labels to classify. The instructions for importing the dataset are shown in Fig. 5. 

With these restrictions, the clustering technique is appropriate for exploring the 
relationships between features. Unlike supervised classification, in the absence of 
class labels, the objective is to group objects into clusters according to their observable 
characteristics; so that each cluster contains similar objects, and others different. As 
mentioned by MacQueen [21]. The K-means method provides a single partition of 
the data into a fixed number of clusters; and nowadays, it has been improved with 
new initialization methods [1]. In another sense, one of the main directions of ML is 
to understand the reasoning behind the decisions made by the models [20, 25, 26]. 
Traditional clustering methods, including K-means, assign points to clusters based 
on some distance metric, without providing any specific description of the clusters 
and the reasons why points are assigned to them. However, for this proposal, it is 
critical to understand how the resulting clusters differ, whether by demographics, 
diagnostics, or other factors. Although the importance of cluster interpretability is 
beginning to gain traction, there has been limited success in addressing this issue 
[8]. A common approach is the visualization of clusters in a two-dimensional graph 
using principal component analysis (PCA) projections [13, 28]; by reducing the 
dimensionality of the feature space, PCA renders the relationship between the clusters 
and the original variables opaque. On the other hand, for the dimensional reduction
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Fig. 6 t-SNE visualization of the pre-test dataset. Source own 

stage, it is proposed to use the t-distributed Stochastic Neighbor Embedding (t-
SNE) technique, which is a technique for the visualization of high dimensional data, 
developed by Hinton and Van Der Maaten [31]. As in the case of the PCA, the 
objective is to determine one more space of smaller dimension always keeping the 
same distance between points, improving interpretability. Figure 6 shows the clusters 
obtained from the application of t-SNE. 

Tree-based supervised learning methods, such as Classification and Regression 
Trees (CART) [5], are naturally suited to problems that prioritize interpretability, as 
their feature splits and decision paths provide insight into the differences between 
variables. Taking the above into consideration, the Interpretable Clustering via 
Optimal Trees (ICOT) algorithm, developed by Bertsimas and Dunn [3] is chosen to 
interpret the results of the educational guidance program intervention level I measure-
ment using a K-means model, subsequently fitting an Optimal Classification Tree 
(OCT) to predict the number of cluster assigned to each sample in our dataset by the 
K-means model. In this way, the resulting tree will provide, without manual inter-
vention, interpretations of the clusters and insights into how points are assigned to 
these clusters. 

4 Discussion and Conclusions 

This model for measuring, evaluating, and describing the need and relevance of 
the educational guidance program for high school students through interpretable 
clustering is fundamental for understanding the effectiveness and relevance of such



284 J. L. C. Valdez et al.

a program in the educational context. The use of interpretive clustering techniques 
allows identifying meaningful patterns in the data collected, which facilitates a deeper 
understanding of students’ needs and characteristics. In addition, this approach can 
help to customize educational guidance interventions, adapting them to the different 
needs and profiles of students. The evaluation of program effectiveness through 
this model provides valuable information to improve its design and implementation, 
as well as to identify areas for improvement in the educational guidance offered 
to high school students. The application of interpretable clustering techniques in 
this context provides a powerful tool to understand and improve the educational 
guidance program, thus contributing to the integral development of students during 
this crucial stage of their academic formation. Educational guidance in high school 
helps students develop strong self-knowledge and identify careers or trades that 
best match their strengths and preferences, which increases the likelihood of long-
term academic and career success. In addition, one-on-one support from a guidance 
counselor promotes a sense of security and emotional well-being in teens, which can 
help reduce dropout rates. Machine learning, and specifically, the clustering model, 
can help identify the relevance and need for the educational guidance program, 
through interpretability. It is important to identify the model to be applied to the 
dataset; it will determine whether classification, clustering, linear regression of data 
or dimension reduction is required. The proposed model for measuring, evaluating, 
and describing the need and relevance of the educational guidance program for first 
year high school students through interpretable clustering allows focusing resources 
on the student segment susceptible to dropping out. In addition to identifying through 
the clustering model that the two main groups are: (1) those students who have the 
fundamentals and elements necessary to choose a career and (2) those who have 
the objective of dedicating themselves to a trade, since this has been traditionally 
repeated for generations in their families. 
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