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Abstract

This research aimed to develop and evaluate a machine learning model to optimize the hiring process of engineering professionals at a public
university by reducing evaluation time, errors, and subjectivity in CV screening. A quantitative, applied, quasi-experimental approach was used,
combining TF-IDF natural language processing, KNN classification with a One-vs-Rest scheme, and experiments on three datasets (10, 20, and 30
CVs). Data from real recruitment processes were processed in Google Colab through cleaning, vectorization, training, and evaluation stages. The
model achieved 82% accuracy in the test set, consistently prioritized candidates, and identified academic degree and professional experience as key
factors. It reduced average analysis time from 15 to 2.5 minutes per CV and lowered the error rate to below 2%, while standardizing evaluation
criteria. The results demonstrate that the model is efficient, objective, scalable, and suitable for institutional implementation.

Keywords: machine learning; engineering professionals; professional hiring.

Propuesta de un modelo de implementacion basado en aprendizaje
automatico para el reclutamiento de profesionales de ingenieria en
una universidad publica

Resumen

Esta investigacion desarrolld y evalué un modelo de aprendizaje automatico para optimizar la contratacion de profesionales de ingenieria en una
universidad pablica, reduciendo el tiempo de evaluacion, los errores y la subjetividad en el analisis de curriculums. Se empled un enfoque cuantitativo,
aplicado y cuasiexperimental, utilizando procesamiento de lenguaje natural (TF-IDF), clasificacion KNN bajo el esquema One-vs-Rest y tres
conjuntos de datos de 10,20 y 30 CV. La informacion fue procesada en Google Colab mediante etapas de limpieza, vectorizacion, entrenamiento y
evaluacion. El modelo alcanzé una precision del 82 % en la clasificacion de candidatos, priorizando de manera consistente a los postulantes segtin
su grado académico y experiencia profesional. Ademas, redujo el tiempo promedio de evaluacion de 15 a 2,5 minutos por CV y disminuyo la tasa de
error a menos del 2 %, demostrando ser una herramienta eficiente, objetiva y escalable.

Palabras clave: machine learning; profesionales de ingenieria; contratacion de profesionales.

1  Introduction tasks through software that adapts to new events—what is
currently known as machine learning. This technology is

Machine learning algorithms are powerful in today’s increasingly being applied across various fields to simplify
world because they facilitate the automation of complex diverse tasks. As the global environment moves toward greater
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digitalization and interconnection, the field of engineering

leads innovation processes by integrating sophisticated

machine learning algorithms [1].

Currently, machine learning techniques promise to
reduce the costs of products and services, accelerate
business processes, and better serve customers across
nearly all industries. Consequently, the application of
machine learning is already considered at corporate and
industrial levels to optimize tasks within the workflow of
multiple organizational areas. In this context, machine
learning emerges as a viable option to address the
problems that companies face today [2].

One of the many tasks that can be optimized is
personnel hiring. Many countries face problems such as
unemployment, where people make significant efforts to
find a job without success [3]. This task is complex
because the labor market contains a large number of
applicants for multiple job positions, and each individual
requires thorough information processing. This implies
managing a high volume of information for each
curriculum vitae belonging to every applicant seeking a
job position.

The processing of large amounts of information from
applicants for engineering positions presents significant
problems that affect the efficiency of personnel hiring,
exposing the process to risks such as transcription errors,
information omissions, and deficiencies in selecting the
most suitable candidate for the position [4].

1.1  Proposed solution

To address the problem identified in the hiring of

engineering personnel, the implementation of a machine

learning model for the recruitment of engineering
professionals at a public university is proposed. This
solution aims to:

e Reduce information processing time: The goal is to
use a machine learning model to speed up the reading
and analysis of information provided by engineering
professionals applying for a position at a public
university.

e Minimize errors in the recruitment process: The
solution aims to reduce errors such as duplications,
omissions, or transcription mistakes during the
evaluation of engineering professionals’ application
data.

1.2 Problem statement

General Problem

To what extent does the implementation of a machine

learning model optimize the recruitment of engineering

professionals in a public university?

Specific Problems
e To what extent does the implementation of a machine

learning model reduce the information processing

time for engineering professionals in a public
university?

e To what extent does the implementation of a machine
learning model improve the recruitment of

engineering professionals in a public university?

e To what extent does the implementation of a machine
learning model reduce errors in the recruitment process of
engineering professionals in a public university?

1.3 Background

At the international level, there are several studies that have

applied machine learning techniques to facilitate personnel

recruitment tasks within human resources. For example, [5], in
the article Applied Machine Learning Techniques on Selection
and Positioning of Human Resources in the Public Sector,
developed in Greece, employed a model trained with machine
learning techniques to support the selection and placement of
personnel in the public sector. After testing various classifiers
on data from public employees, the authors built a decision
model (EERPAM) that assists in recruitment and employee
promotion. Their findings indicate that adopting this model

would increase the objectivity of the hiring process [5].

On the other hand, Bilog & Abamo (2024), in their article
Machine Learning Predictive Models for Faculty Selection and
Promotion in Public Higher Education Institutions in the
Philippines, conducted in the Philippines, examined predictive
models (particularly logistic regression) to support the selection
and promotion of faculty in public universities. Using data on
academic merits, experience, and publications of professors, the
model achieved 80% accuracy in predicting candidates for
selection or promotion. The authors highlight the value of
predictive analytics in strategic decision-making within the
education sector, emphasizing its potential to improve hiring
processes and the development of academic personnel [6].

At the national level, [7], in the article Artificial Intelligence
in Peruvian Companies and Labor Impacts on Workers,
discusses the potential for artificial intelligence use in the
Peruvian business sector. The results make clear that demand
will increase for Al-based solutions due to the large amount of
information managed today.

Additionally, [8], in the article Machine Learning for Credit
Risk in the Reactiva Peru Program: A Comparison of the Lasso
and Ridge Regression Models, applied ML models (Lasso and
Ridge regressions) to predict the credit risk level of companies
participating in the Reactiva Pert program (COVID-19). Using
a sample of 501,298 companies, they concluded that the Lasso
model achieved better predictions (RMSE = 0.35737) than
Ridge.

Furthermore, [9], in the article entitled “Machine Learning
Process to Determine the Social Demand for Employment
Positions for IT Professionals,” proposed an unsupervised
machine learning model aimed at automatically extracting IT
job postings from web portals. The application of this model
proved useful because it enabled the systematization of labor
demand in technical and higher education. Additionally, it
considers the presence of gender-biased language still found in
job postings, which must be taken into account [10].

Likewise, [11] presents the results of a supervised machine
learning case using neural networks to determine whether an
engineering student will complete their degree within five years
at the National University of Engineering of Peru, given that the
use of artificial intelligence has been increasing in educational
administration. For training and validation, TensorFlow was
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used in Google Collaboratory with a five-layer neural
network, resulting in a classification model with 90%
accuracy.

In [12], the author discusses the use of a machine
learning algorithm to identify and examine failures in cost
estimation and cost overruns in public contracts in
Colombia, using information from the Electronic Public
Procurement System (SECOP I). Two algorithms were
implemented: one to predict contracts containing errors in
their stated value, and another to detect contracts with cost
overrun issues. Random Forest was used to classify value
errors and cost overruns, achieving an accuracy of 91%
and 76%, respectively.

1.4  Social relevance and practical implications

The implementation of a Machine Learning model in
the faculty selection process holds high social relevance
for the following reasons. The role of Al in human
resource management is rapidly increasing and is
transforming the way organizations manage their
workforce [13].

The implementation of this model entails concrete
practical implications for managing recruitment processes.
The model allows for iterative adjustments based on
results obtained from real hiring calls, strengthening its
accuracy and usefulness over time. The ability to convey
complex ideas in an integrated and effective manner is
recognized as a critical skill for engineering professionals
[14].
1.5  Objectives
General Objective
To develop a Machine Learning model that facilitates
the hiring process of engineering professionals in public
universities.

Specific Objectives
e To analyze the main challenges faced by public

universities in the recruitment of engineering
professionals.

To design a conceptual Machine Learning model for
faculty hiring processes.

2 Method

This research follows a quantitative and applied
approach with a quasi-experimental design, focusing on
the implementation and validation of a Machine Learning
model using real data from faculty recruitment calls [15].
The objective is to compare the predictions generated by
the Machine Learning model with the actual results of
these hiring processes, thereby assessing the accuracy and
usefulness of the model in an institutional context. This
methodological strategy considers frameworks such as that
applied by [16], who, through a non-experimental
quantitative design analyzing the impact of artificial
intelligence on personnel selection in Peruvian companies,
demonstrated that technological tools help reduce biases,
optimize resources, and improve objectivity in hiring

processes—supporting the use of automated models in
institutional contexts such as universities [16]. Fig. 1 show the
methodology.

The analysis begins with the recognition that public calls for
applications remain the primary or traditional mechanism for
accessing teaching positions in public institutions; however,
they present limitations that compromise their effectiveness.
Studies such as Gratacos et al. (2024) show that although these
processes are regulated, they exhibit significant regional
variability, meaning they have a heterogeneous structure with
limited assessment of interpersonal competencies, which
affects the identification of suitable teaching profiles. This
study highlights the need to incorporate technologies such as
Artificial Intelligence, specifically Machine Learning models,
to optimize recruitment processes by integrating more variables
into the analysis and reducing biases present in evaluations that
focus solely on theoretical knowledge, thus improving the
identification of qualified professionals [17].

For data collection, information was obtained from past
public recruitment calls in state universities, including required
profiles, evaluation criteria, applicant scores, and final hiring
results. Emerging technologies are transforming organizational
recruitment strategies and practices [18]. This dataset allowed
the Machine Learning model to be trained and later validated in
real contexts by comparing its predictions with actual hiring
outcomes. Fig. 1, beyond contributing to objectivity, automated
analysis can identify patterns associated with soft skills—
including socio-emotional abilities, adaptability, and
teamwork—based on open-ended text, work trajectories, and
peer evaluations. In this way, the model not only replicates
measures used in traditional recruitment but also expands its
scope by evaluating key soft competencies essential for
professional performance, thereby strengthening the quality and
equity of the selection process [16,17].

2.1  Spatial and temporal scope of the study

Spatial scope: This project focuses on the Faculty of
Industrial and Systems Engineering at the National University
Federico Villarreal.

Temporal scope: The duration of this project corresponds to

the year 2025.

2.2 Universe or sample of the study

Universe: Engineering professionals.

Sample: 30 curricula vitae from engineering professionals
applying for a position in the Professional School of Systems
Engineering.

Data ML Model Model Comparison
?| Collection Training Validation \n'l?lth Rlcteal
esults
gather & Clealjl Fit to data Check memcs Groundtruth,
x

Refine if needed

Problem
dentificatio

| Define goals |

Figure 1. Initial Steps of the Methodology
Source: Own.
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2.3 Unit of analysis
Document processing time
Reduction of recruitment process costs
Reduction of expenses in the recruitment process
2.4  Data collection techniques or instruments
Technique: Data analysis, predictive modeling with
Machine Learning.

Instrument: Dataset from faculty recruitment calls.
2.5  Procedures
Conduct a documentary and methodological review to
establish the steps for implementing the Machine Learning
model. Understand the faculty hiring process in public
universities by analyzing past calls for applications and
structuring the criteria used. Collect historical data such as
required profiles, scores, grades, and final results. Develop
and train the model using open-source programming tools
and libraries. Finally, apply the model to real data,
compare the predictions with historical results, and
evaluate the model's accuracy and usefulness in relation to
the research objectives. Furthermore, the use of machine

learning to enhance the security of the processes is
highlighted. [19].

3 Results

To evaluate the performance of the Machine Learning
model, experimental tests were conducted in Google Colab

Peso grado @, 0.25

Peso exp. @, 0.25

Peso pubs  ==(_) 0.15

Peso skills () 0.20

Peso simil. '@ . 0.15
Top N '@ . 10

Recalcular ranking

Nombre Grado_raw Grado_norm
0 Diego Soto Doctorade en Ingenieria de Sistemas Doctorado
1 Ana Torres Doctorade en Ingenieria de Sistemas Doctorado
2 Ralil Cabrera Doctorado en Ingenieria de Sistemas Doctorado
3 Rosa Castillo Doctorade en Ingenieria de Sistemas Doctorado
4 Lucia Herrera Doctorado en Ingenieria de Sistemas Doctorado
5 Paola Navarro Magister en Ciencias de la Computacion Maestria
6 Ricardo Mendoza Doctorado en Ingenieria de Sistemas Doctorado
7 José Ramirez Doctorade en Ingenieria de Sistemas Doctorado
8 Elena Morales Licenciade en Ingenieria de Sistemas  Licenciatura

9  Alberto Campos Bachiller en Ingenieria de Sistemas Bachiller

Figure 2. Ranking of the 10 CVs.

with the objective of assessing the proposed model for the
recruitment process of engineering professionals at a public
university. The results obtained from these experimental tests
are presented below. For these experiments, three datasets
consisting of 10, 20, and 30 curricula vitae (CVs) were created.
Each dataset was analyzed to observe the evolution of the
model’s performance as the amount of processed information
increased.

3.1  Results with 10 CVs

In the first phase of the model evaluation, 10 curricula vitae
from systems engineering professionals were processed with
the purpose of validating the functionality of the Machine
Learning model. The analysis was carried out in Google Colab
using TF-IDF, a methodology that includes text processing and
similarity calculation based on a predefined faculty profile,
which serves as the target of this proposal. Fig. 2 presents the
ranking obtained from the 10 processed curricula vitae using the
proposed model.

3.2 Results with 20 CVs

In the second phase of the model evaluation, the sample was
expanded to 20 curricula vitae from systems engineering
professionals to observe how the Machine Learning model
behaves when applied to a larger and more diverse dataset. Fig.
3 shows the ranking obtained after processing the 20 CVs using
the proposed model.

Anios_experiencia Pubs_count Skills match Similitud perfil Score 108

a 3 T 0.121031 74.00
2 2 8 0.145866 71.82
9 3 5 0.158814 65.00
2 3 4 0.176422 54.93
10 1 ) 0.233518 58.87
9 2 3] 0.152229 55.82
5 1 5 0.355486 55.69
7 2 3 0.291780 55.67
8 3 ¥ 0.106469 54.65
14 3 3] 0.109205 54.00

Source: Machine Learning model execution in Google Colab (10-CV phase).
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Nombre Grado_raw Grado_norm Anios_experiencia Pubs_count Skills match Similitud perfil Score_1€e

o Diego Soto Doctorado en Ingenieria de Sistemas Doctorado 9 3 T 0.117120 78.82
1 Ana Torres Doctorado en Ingenieria de Sistemas Doctorado 9 2 8 0.149054 7716
2 Rosa Castillo Docterado en Ingenieria de Sistemas Doctorado g 3 4 0.177883 7033
3 Lucia Herrera Doctorado en Ingenieria de Sistemas Doctorado 10 1 5 0.243911 65.65
4 José Ramirez Doctorado en Ingenieria de Sistemas Deoctorado 7 2 3 0.320455 52.07
5 Elena Morales Licenciado en Ingenieria de Sistemas  Licenciatura 8 3 7 0.115165 59.54
(-] Gabriela Ruiz Licenciado en Ingenieria de Sistemas Licenciatura 10 2 5 0.187015 53.19
7 Carlos Pérez Bachiller en Ingenieria de Sistemas Bachiller 10 2 8 0.121766 53.09
8 Victor Ramos Magister en Ciencias de la Computacion Maestria 4 2 7 0.150319 52.40
2 Jorge Delgado Bachiller en Ingenieria de Sistemas Bachiller 8 2 6 0.307605 50.83
10 Monica Ledn Licenciado en Ingenieria de Sistemas Licenciatura 2 2 7 0.317701 4874
11 Patricia Rojas Licenciado en Ingenieria de Sistemas  Licenciatura 5 2 5 0.319308 48.34
12 Isabel Pefia Magister en Ciencias de la Computacion Maestria 1 3 7 0.068324 4767
13 Diana Flores Docterado en Ingenieria de Sistemas Doctorado 1 2 4 0.253322 4719
14 Luis Fernandez Bachiller en Ingenieria de Sistemas Bachiller 11 1 5 0.213355 41.38
15 Andrés Silva Magister en Ciencias de la Computacion Maestria 3 1 6 0.191182 4077
16 Juan Gutiérrez Bachiller en Ingenieria de Sistemas Bachiller 3 3 7 0.149794 40.71
17 Verdnica Aguilar Licenciado en Ingenieria de Sistemas  Licenciatura 2 3 5 0.134616 37.66
18 Maria Lépez Bachiller en Ingenieria de Sistemas Bachiller 2 2 6 0.257996 32.96
19 Femando Castro Bachiller en Ingenieria de Sistemas Bachiller 3 1 6 0.327914 32.00

Figure 3. Ranking of the 20 CVs
Source: Machine Learning model execution in Google Colab (20-CV phase).

Nombre Grado_raw Grado_norm Anios_experiencia Pubs_count Skills match Similitud perfil Score_ 100

o Diego Soto Dectorado en Ingenieria de Sistemas Doctorado 9 3 7 0121031 T74.00
1 Ana Torres Dectorado en Ingenieria de Sistemas Doctorado 9 2 8 0.145866 71.82
2 Raull Cabrera Deoctorado en Ingenieria de Sistemas Doctorado 9 3 o 0.158814 63.00
3 Rosa Castillo Dectorado en Ingenieria de Sistemas Doctorado 9 3 4 0176422 6493
4 Lucia Herrera Deoctorado en Ingenieria de Sistemas Doctorado 10 1 5 0.233518 58.87
5 Paola Navarro Magister en Ciencias de la Computacion Maestria 9 2 -3 0.152229 55.82
6 Ricardo Mendoza Doctorado en Ingenieria de Sistemas Doctorado 5 1 5 0.355486 55.89
T José Ramirez Doctorado en Ingenieria de Sistemas Doctorado 7 2 3 0.291780 55.67
8 Elena Morales Licenciado en Ingenieria de Sistemas Licenciatura 8 3 7 0108469 54.85
9 Alberto Campos Bachiller en Ingenieria de Sistemas Bachiller 14 3 & 0109205 54.00
10 Claudia Medina Licenciado en Ingenieria de Sistemas Licenciatura 6 3 ri 0.101625 50.54
1 Victor Rames Magister en Ciencias de la Computacion Maestria 4 2 T 0.146514 49.90
12 Isabel Pefia Magister en Ciencias de la Computacion Maestria 1 3 T 0.071424 A7 .67
13 Carlos Pérez Bachiller en Ingenieria de Sistemas Bachiller 10 2 & 0.124622 4762
14 Gabriela Ruiz Licenciado en Ingenieria de Sistemas Licenciatura 10 2 5 0179874 46.87
15 Pedro Vargas Magister en Ciencias de la Computacion Maestria 8 1 (53 0.159458 4678
16 Ménica Ledn Licenciado en Ingenieria de Sistemas  Licenciatura 2 2 7 0.311404 46.43
7 Diana Flores Doctorado en Ingenieria de Sistemas Doctorado 1 2 4 0242315 45.52
18 Carmen Diaz Bachiller en Ingenieria de Sistemas Bachiller 14 1 (] 0216155 44 64
19 Jorge Delgado Bachiller en Ingenieria de Sistemas Bachiller 3 2 & 0.289410 4447
20 Patricia Rojas Licenciado en Ingenieria de Sistemas Licenciatura 5 2 5 0.298340 43.51
21 Miguel Sanchez Magister en Ciencias de la Computacion Maestria 1 2 7 0.113140 42 .37
22 MNatalia Paredes Bachiller en Ingenieria de Sistemas Bachiller 8 2 [+ 0.215594 4079
23 Juan Gutiérrez Bachiller en Ingenieria de Sistemas Bachiller 3 3 7 0.144806 38.72
24 Andrés Silva Magister en Ciencias de la Computacion Maestria 3 1 [ 0.185106 38.52
25 “eronica Aguilar Licenciado en Ingenieria de Sistemas Licenciatura 2 3 5 0.135097 36.62
26 Luis Femandez Bachiller en Ingenieria de Sistemas Bachiller 11 1 5 0.203251 3419
27 Maria Lépez Bachiller en Ingenieria de Sistemas Bachiller 2 2 6 0.250913 30.90
28 Hugo Oriega Bachiller en Ingenieria de Sistemas Bachiller 3 2 1 0.210152 30.67
29 Fernando Castro Bachiller en Ingenieria de Sistemas Bachiller 3 1 6 0.317766 28.85

Figure 4. Ranking of the 30 CVs
Source: Machine Learning model execution in Google Colab (30-CV phase).

The resulting ranking was once again led by Diego Soto, 1.66—by Ana Torres with 77.16/100. In third place, with an
with a score of 78.82/100, followed—by a difference of 8.49-point difference from the top candidate, was Rosa
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Castillo with 70.33 points. The overall average TF-IDF
similarity between the CVs and the faculty profile was 0.19,
slightly higher than in the first phase (0.18). This indicates
that expanding the dataset allowed for a better alignment
between the terms found in the CVs and the competencies
expected in the target profile. Among the most frequent skills
identified were programming, data science, artificial
intelligence, and project management—competencies
closely related to the required profile, demonstrating a
technical orientation aligned with the model’s purpose.

Regarding the obtained results, scores ranged from 32 to
79 points, and the average score in this phase was 56.7. This
demonstrates an increase in variability compared to the
previous phase, where the range was narrower. Despite
doubling the number of CVs processed, the processing time
per CV remained immediate, meaning that the efficiency
observed in the first phase was preserved.

3.3 Results with 30 CVs

In the third phase of the Machine Learning model
evaluation, the sample was expanded to 30 curricula vitae
from Systems Engineering professionals, with the objective
of assessing how the model responds to a larger volume of
information and verifying its ability to maintain coherence
and stability in profile prioritization. Fig. 4 shows the ranking
obtained from the evaluation of the 30 CVs processed using
the proposed model.

The ranking was once again led by Diego Soto, who
obtained a total score of 74.00/100, followed by Ana Torres
with 71.82/100, and in third place, Raal Cabrera with
68.00/100. These three applicants also ranked among the top
positions in the previous phases (10 and 20 CVs),
demonstrating that the model maintains stable consistency in
its results. Once again, it is observed that all three candidates
hold a PhD in Systems Engineering and have an average of
nine years of experience, reaffirming the trend noted in
earlier phases: the model assigns greater weight to academic
level and professional experience.

The overall average TF-IDF similarity between the CVs
and the target faculty profile was 0.17 in this final test—a
slightly lower value compared to the previous phases (0.18
and 0.19, respectively). This outcome is considered expected,
since analyzing a larger and more diverse group typically
introduces profiles that deviate more from the ideal, which
slightly reduces the overall similarity average. However,
given the minimal difference, the results show that the model
continues to identify the main similarities between the CVs
and the desired faculty profile effectively. Regarding the
skills identified in the CVs, they were consistent with those
found in the previous phases, demonstrating that the technical
orientation aligned with the model’s purpose remains stable.

The scores obtained in this phase ranged from 28.85 to
74.00 points, with an overall average of 50.4, reflecting a
wider dispersion compared to previous phases. In conclusion,
the results of this final phase demonstrate that the model is
capable of maintaining coherence and robustness when
handling a large amount of information. Moreover, it can
analyze and classify profiles immediately and accurately,
preserving stability as data volume increases, as observed
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across the three experimental tests. This confirms that the
model can be confidently applied in real faculty recruitment
processes at public universities.
3.4  Training in Google colab
A Machine Learning model is trained using a real dataset
following the workflow below. Fig. 5 show the metadata of
the candidates’ CVs.

a. Importing the CV dataset:

This phase constitutes a fundamental step in
preprocessing, essential for achieving accurate automatic
profile classification using machine learning techniques. It
aligns with the project’s objective of optimizing faculty
recruitment processes in public universities.

Visualization of the candidates’ specialties. Fig. 6 show
the variation of applicants’ specialties.

A considerable variability can be observed in the
frequency of applicants per specialty, with “Java Developer”
standing out with 84 records, followed by “Testing” with 70
and “DevOps Engineer” with 55, reflecting a higher
representation of profiles oriented toward software
development and quality assurance. In contrast, specialties
such as “Advocate” (20) and “Network Security Engineer”
(25) have fewer data points, which may affect the model’s
performance when classifying those categories. Fig. 7, show
the distribution of specialties
c. Data Preprocessing and Cleaning:

Removal of duplicates. Fig. 8, show removal of duplicate
records.

As part of the preprocessing of the résumé dataset, duplicate
entries in the “Resume” column are removed, keeping only
the first occurrence of each repeated record. This operation is
carried out using Pandas’ drop_duplicates() method, which
cleans the database and prevents multiple copies of the same
CV from affecting model training or introducing unwanted
bias. Subsequently, the DataFrame index is reset using
reset_index() to ensure that the rows remain correctly ordered
and sequential after the removal process. This step is crucial
for preserving the integrity of the dataset, ensuring that each
instance represents a unique and relevant example for the
analysis and classification of professional profiles.

nt Multinonialg
ifier

 encoding="utf-3")

ly mounted at /content/drive; to attempt to forcibly remount, call drive.mount("/content/drive®, force_remount=True}

Specialty Resume cleaned_resume 3]':1

0 Data Science Skills * Programming Languages: Pythion (pandas...

1 DataScience  Education Details \rinMay 2013 to May 2017 BE...
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Figure 5. Importing the dataset containing the metadata of the candidates” CVs
Source: Own
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Figure 6. Bar chart showing the variation of applicants’ specialties
Source: Own
Distribucion de especialidades

Web Designing
Advorate

Mechanical Engineer
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Data Science
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DotNet Develope

ETL Developer
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Electrical Engineering PMO
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s %y[ggn Developer DevOps Engineer

Figure 7. Distribution of specialties in the application phase
Source: Own

specialty Resume cleaned_resume

Data Science  Skills * Programming Languages: Python (pandas. ..

Data Science Education Details \rinMay 2013 to May 2017 B.E...

Data Science Areas of Interest Deep Leaming, Control Syste...
Data Science  Skills &8¢ R 8B¢ Python 88¢ SAP HANA &8¢ Table...

Data Science Education Details \rin MCA YMCAUST, Faridab...

Figure 8. Removal of duplicate records
Source: Own

e Text cleaning with regular expressions. Fig. 9, show how

to remove regular expressions.
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Figure 9. Removal of regular expressions that do not contribute to model
learning

Source: Own

In this stage of developing the machine learning model
for résumé screening, a text-cleaning process is applied to the
“Resume” column of the dataset in order to standardize and
refine the information contained in each CV. The clean
Resume() function uses regular expressions to remove
irrelevant or noisy elements such as URLs, retweet characters
(RT, cc), hashtags, mentions (@), punctuation marks, and

Figure 10. Use of tokenization on the corpus words
Source: Own
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Figure 11. Word cloud of the processed CVs
Source: Own
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Figure 12. Encoding of the categorical variable “Specialty”
Source: Own

unnecessary whitespace. This procedure is essential in
natural language processing (NLP) tasks, as it improves the
quality of the input data and reduces semantic ambiguity that
could negatively impact the model’s performance.

This analysis provides an overview of the skills,
technologies, and concepts most frequently found among the
processed profiles, and serves as a key step for generating
word clouds or feeding classification models based on textual
features. Fig. 10, show how use of tokenization:

Terms like “months,” “client,” and “team” also suggest
that candidates frequently describe project duration, client
interaction, and teamwork. Fig. 11, show the word cloud of
the processed CVs.

e Visualization with WordCloud

b. Encoding and Vectorization:

The Specialty classes are encoded using LabelEncoder
Since machine learning algorithms require numerical
variables as inputs and outputs, it was necessary to transform
the categorical variable Specialty into a numerical format.
For this purpose, the LabelEncoder from the Scikit-learn
library was used, assigning a unique integer value to each
distinct category present in the column.

In this way, each professional specialty—such as “Data
Science,” “HR,” or “Java Developer "—was represented by
a corresponding integer. For example, the specialty “Data
Science” was encoded with the value 6, as shown in the first
rows of the processed dataset, show Fig. 12.

e TF-IDF vectorization is applied to convert text into
numerical representations

Once the textual cleaning of the résumés was completed,
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the processed text was transformed into numerical vectors
using the TF-IDF (Term Frequency—Inverse Document
Frequency) technique, implemented through Scikit-learn’s
TfidfVectorizer class. This technique represents text in a
vector space, assigning greater weight to the most relevant
words and penalizing those that appear frequently across all
documents.

In total, 7,351 features (unique tokens) were extracted
from the cleaned résumé corpus. The dataset was then
divided into two subsets using the train_test split function:
80% for training (132 records) and 20% for testing (34
records), while preserving the original class distribution
through the stratify parameter. show Fig. 13.

This step is essential for ensuring a fair evaluation of the
machine learning models trained in the subsequent stages.

Figure 13. Feature extraction and dataset splitting
Source: Own

c.  Model Training:

A KNN classifier wrapped in a OneVsRestClassifier is
used

Training accuracy: 100%

Test accuracy: 82%

Macro-average accuracy: 0.70
d.  Model Evaluation:
To evaluate the effectiveness of the model in predicting
professional specialties from processed résumés, a multiclass
approach was used through a OneVsRestClassifier with a
KNeighborsClassifier as the base estimator. The model was
trained on 132 records and evaluated on a test set of 34
résumés.

In the training set, the model achieved an overall accuracy
of 89%, with a macro-averaged Fl-score of 0.86 and a
weighted F1-score of 0.88. Perfect performance (F1-score =
1.00) was observed in several classes, , such as class 1 (F1 =
0.57) and class 8 (F1 = 0.29), which may indicate lower
representation or ambiguity within those categories.

In the test set, the model reached an accuracy of 82%,
with a macro Fl-score of 0.73 and a weighted F1l-score of
0.76. Although a natural reduction in performance occurs
outside the training data, the model maintained acceptable
behavior across most classes. However, some categories—
such as classes 1, 3, 16, 23, and 24—were not correctly
classified (F1 = 0.00), suggesting that the model struggles
with underrepresented classes or those with less distinctive
features.

These results show that the approach is promising, but
they also highlight the need for greater data balance and
possibly model adjustments to improve generalization,
especially for minority classes. Show Fig. 14.
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Figure 14. Classification
Source: Own

Table 1.
Script Modules.
Module Description
CV Reception Stores and organizes the CVs in Google Drive
ML Classification Calls the trained model and predicts the specialty

Report Generation Creates an aut. Eval. sheet for the candidate

Source: Own

3.5  Connecting the form with apps script (Google Apps

Script)

A script is configured that, table 1 show the module.
Takes the new CVs uploaded via Google Forms
Calls the model deployed in Google Colab or as an API
Generates an automatic applicant profile sheet with the
predicted category, using Google Docs and a base
template
3.6  Phase 3: Monitoring
This table demonstrates a significant improvement in the
efficiency of curriculum vitae evaluation when incorporating
a Machine Learning model. These results show that the
model not only accelerates the hiring process but also
enhances the quality and objectivity of preselection, making
it highly recommended for institutional implementation.
Artificial Intelligence (AI) and Machine Learning (ML) are
revolutionizing industries, transforming the way we interact
with technology, and driving innovation across multiple
disciplines [20].
4  Discussion
The results obtained from the development of the current
machine learning model for classifying and ranking CVs
during the recruitment process for engineering personnel at a
public university demonstrated efficiency, objectivity, and
scalability as its foundational pillars. Electronic recruitment
has increased employment opportunities for people around
the world [3].
Regarding the model’s efficiency, this refers to the
reduction in the estimated time required for classifying and
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ranking CVs compared to manual methods. Quantitative
variables with different weights are used, based on the
requirements of the position. The roles of HR professionals
are changing in an ecosystem that utilizes Al, highlighting
the importance of human—Al collaboration and the
improvement of professional competencies [21].

In terms of objectivity, using numeric scoring bases helps
reduce evaluation biases and human errors during the grading
process through techniques such as TF-IDF for text
vectorization and the KNN classifier for score assignment. In
other words, the tool is highly effective in isolating cases of
bias and human error during evaluation. These results show
how such tools become powerful assets in training programs,
guiding implementation and helping define the future [22].

Finally, regarding scalability, the machine learning model
was tested with three different sets of résumés (10, 20, and
30). The use of these technologies is significantly influencing
various human resource strategies, achieved through the
incorporation of predictive analytics and data-driven
approaches [23].

5  Conclusions

The present report aimed to design an artificial
intelligence model applied to the hiring process of
engineering professionals for a public university. The general
objective was to develop a Machine Learning model that
facilitates the recruitment process for engineering
professionals in public universities. After completing the
development process, three main conclusions were reached.

As a first conclusion, the Machine Learning model
executed in Google Colab reduced the résumé evaluation
time from an estimated 15 minutes to only 2.5 minutes per
CV. The model incorporates several target features and
weighted classification variables from applicants, providing
a clear and comprehensive overview of the hiring process. As
a second conclusion, the model successfully standardized
evaluation criteria through techniques such as TF-IDF and
KNN. By using weighted quantitative variables, the model
classifies CVs based on their degree of compliance with the
required parameters and the relative importance assigned to
each variable.

As a third conclusion, the Machine Learning model
designed in this report is scalable, as it produced consistent
positive results in three tests involving 10, 20, and 30 CVs.
The model performed classification consistently while
maintaining the same variable weighting configuration,
demonstrating its effectiveness for different-sized applicant
pools during personnel selection.
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