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Abstract 
Introduction: This article is the result of the research project “Model for Profiling and Personnel Selection 

Applied to the BPO Sector in Colombia Based on Predictive Analytics Techniques and Genetic Algorithms”, 

developed at Universidad Distrital Francisco José de Caldas in 2025.

Problem: The organization under analysis exhibited early attrition of 62.82%, resulting in high costs associated 

with recruitment, training, and the learning curve, which revealed limitations in traditional recruitment process-

es.

Objective: To design and evaluate a predictive model that identifies candidates with the highest probability of at 

least 3 months of tenure and determines the most influential attributes for such retention.

Methodology: A mixed approach was adopted. Relevant variables were initially identified through consultation 

with recruitment professionals; subsequently, machine learning models were trained on 560 hiring records. 

Algorithms including SVC, Random Forest, and KNN were applied. Class imbalance was addressed using 

SMOTE, and performance was evaluated using metrics such as accuracy, sensitivity, specificity, and F1-score.

Results: The proposed model reduced early attrition, through simulation, from 62.82% to 4.11%, representing a 

relative reduction of 93.6%, along with estimated savings of up to COP $1B in one quarter. The SVC model stood 

out with a specificity of 94.44%, minimizing high-risk hires.

Conclusions: Predictive models in recruitment significantly improve retention and resource optimization.

Originality: The study links predictive accuracy with measurable financial impact in the Colombian BPO sector.

Limitations: Sensitive attributes were not collected to prevent discriminatory bias.

Keywords: BPO, Employee Selection, Human Resources, Machine Learning, Predictive Models.

Resumen
Introducción: Este artículo es producto de la investigación “Modelo de perfilación y selección de personal apli-

cado al sector BPO en Colombia basado en técnicas de predictive analytics y algoritmos genéticos”, desarro-

llada en la Universidad Distrital Francisco José de Caldas en el año 2025.

Problema: La organización bajo análisis presentó una deserción temprana de 62.82%, evidenciando altos cos-

tos asociados con el reclutamiento, la capacitación y la curva de aprendizaje, lo cual implicaba limitaciones en 

los procesos tradicionales de reclutamiento.

Objetivo: Diseñar y evaluar un modelo predictivo que identifique a los candidatos con mayor probabilidad de al 

menos 3 meses de permanencia y determine los atributos más influyentes para dicha retención.

Metodología: Se adoptó un enfoque mixto. Las variables relevantes fueron inicialmente identificadas mediante 

consulta con profesionales de reclutamiento; posteriormente, se entrenaron modelos de aprendizaje auto-

mático sobre 560 registros de contratación. Se aplicaron algoritmos como SVC, Random Forest y KNN. El 

desbalance de clases fue abordado utilizando SMOTE y el desempeño fue evaluado mediante métricas como 

exactitud, sensibilidad, especificidad y F1-score.

Resultados: El modelo propuesto redujo la deserción temprana mediante simulación de 62.82% a 4.11%, repre-

sentando una reducción relativa de 93.6%, junto con ahorros estimados de hasta COP $1B en un trimestre. El 

modelo SVC se destacó con una especificidad de 94.44%, minimizando contrataciones de alto riesgo.

Conclusiones: Los modelos predictivos en el reclutamiento mejoran significativamente la retención y la opti-

mización de recursos.
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Originalidad: El estudio vincula la precisión predictiva con un impacto financiero medible en el sector BPO 

colombiano.

Limitaciones: No se recolectaron atributos sensibles para prevenir sesgo discriminatorio.

Palabras clave: Aprendizaje automático, BPO, modelos predictivos, recursos humanos, selección de personal.

Resumo
Introdução: Este artigo é produto do projeto de pesquisa “Modelo de Perfil e Seleção Aplicado ao Setor de BPO 

na Colômbia com Base em Técnicas de Análise Preditiva e Algoritmos Genéticos”, realizado na Universidade 

Distrital Francisco José de Caldas em 2025.

Problema: A organização analisada apresentou uma taxa de rotatividade inicial de 62,82%, revelando altos cus-

tos associados a recrutamento, treinamento e curva de aprendizado, o que implicou limitações nos processos 

tradicionais de recrutamento.

Objetivo: Desenvolver e avaliar um modelo preditivo que identifique os candidatos com maior probabilidade 

de permanecer na empresa por pelo menos três meses e determine os atributos mais influentes para essa 

retenção.

Metodologia: Adotou-se uma abordagem de métodos mistos. As variáveis ​​relevantes foram inicialmente iden-

tificadas por meio de consulta a profissionais de recrutamento; posteriormente, modelos de aprendizado de 

máquina foram treinados em 560 registros de contratação. Algoritmos como SVC, Random Forest e KNN foram 

aplicados. O desequilíbrio de classes foi tratado utilizando SMOTE, e o desempenho foi avaliado por meio de 

métricas como acurácia, sensibilidade, especificidade e pontuação F1. Resultados: O modelo proposto reduziu 

a rotatividade inicial por meio de simulação de 62,82% para 4,11%, representando uma redução relativa de 

93,6%, juntamente com uma economia estimada de até COP 1 bilhão em um trimestre. O modelo SVC desta-

cou-se com uma especificidade de 94,44%, minimizando contratações de alto risco.

Conclusões: Modelos preditivos em recrutamento melhoram significativamente a retenção e a otimização de 

recursos.

Originalidade: O estudo relaciona a precisão preditiva com um impacto financeiro mensurável no setor de BPO 

colombiano.

Limitações: Atributos sensíveis não foram coletados para evitar viés discriminatório.

Palavras-chave: Aprendizado de máquina, BPO, modelos preditivos, recursos humanos, seleção de pessoal.

1. INTRODUCTION
In today’s business environment, recruitment is a critical function to ensure organi-
zational success. The ability to predict employee performance prior to hiring can not 
only reduce costs but also significantly improve talent retention. However, inadequate 
selection can limit the efficient use of resources and distort organizational outcomes. 
This study presents a data-driven approach to integrate predictive analytics into the 
personnel selection process, thereby improving its efficiency and effectiveness. One of 
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the main challenges faced by companies in the BPO (Business Process Outsourcing) 
sector is early turnover, which occurs when hired employees resign within the first 90 
days. This phenomenon generates significant economic impacts in three main areas: 
[1]–[6] 

•	 Administrative costs derived from the search, selection, and hiring process.
•	 Penalties associated with non-compliance with key early turnover indicators.
•	 Costs related to the learning curve, since employees do not generate reve-

nue equivalent to their salary during this initial period.

According to the data collected in the company under study, the average admin-
istrative cost for hiring and training an employee amounts to COP $1,236,361, while the 
costs associated with the learning curve represent COP $1,960,550. This results in a 
total cost of COP $3,196,550 per employee who does not complete three months of 
employment. Of the 560 employees hired in a typical month, 64.82% (363 employees) 
resign before reaching three months, generating an estimated economic loss of COP 
$1,160,347,650.

As a solution to this problem, this study proposes the development of a predic-
tive model designed to identify applicants with the highest probability of completing 
at least three months of tenure. Additionally, the most relevant factors for future hiring 
are analyzed, integrating a quantitative approach that complements existing empirical 
knowledge [7].

This document is structured as follows:

•	 Theoretical framework, which compiles the conceptual foundations.
•	 Methodology, which describes the data collection and analysis process, as 

well as the results obtained.
•	 Analysis and discussion, where the findings are interpreted, key attributes 

are highlighted, and the performance of the applied algorithms is evaluated.
•	 Conclusions, which synthesize the main implications of the study and pro-

pose future research directions.

It is important to note that this research excluded attributes that could lead to 
discrimination, such as gender or race. However, one of the main limitations was data 
availability, since the success of the model depends on the quantity and quality of the 
information collected regarding applicant characteristics [8].
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1.1 Literature Review or Research Background

a. Business Process Outsourcing
Business Process Outsourcing (BPO) emerged during the 1980s, when companies 
identified the need to outsource functions not directly related to their core business, 
commonly referred to as “non-core” activities. This strategy aimed to improve effi-
ciency and reduce operational costs, allowing organizations to focus on their primary 
activities [9], [10].

As this approach enabled organizations to delegate secondary tasks to special-
ized providers, combined with the effects of globalization, both the supply and demand 
for outsourcing services have increased significantly in recent years, particularly in 
regions where operational costs are lower [11], [12].

The BPO industry is generally divided into two main categories: Front Office 
processes, which include customer service, sales, and technical support, and Back 
Office processes, such as case management and information analysis [13].

b. BPO in Colombia
The BPO sector in Colombia has emerged as a significant driver of economic growth 
and employment generation. According to a study conducted by the Bogotá Chamber 
of Commerce, Colombia has positioned itself as one of the leading destinations for 
outsourcing services in Latin America, due to its highly skilled workforce, competitive 
costs, and political and economic stability. By the end of 2023, the sector comprised 
approximately 600 companies, representing 2.8% of the national GDP and employing 
around 700,000 people. Of these employees, 80% are under 30 years old, 12% hold a 
professional degree, and only 8% have postgraduate qualifications.

Despite these achievements, the BPO sector in Colombia faces several chal-
lenges, including the need to improve service quality and specialization, as well as to 
address concerns related to data security and job stability. Currently, there is a strong 
emphasis on continuous training in both technical and soft skills, in addition to the 
implementation of effective cybersecurity measures to protect sensitive customer 
information [14]–[17].

The Colombian BPO Association (BPro), established in 2001, is a non-profit 
organization that represents companies within the BPO sector and its value chain. 
It includes more than 70 affiliated companies and contributes to the development of 
strategies aimed at enhancing the growth and competitiveness of the sector at both 
national and international levels, as well as promoting best practices [18].
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a. Recruitment and Selection Processes
Given that, in today’s business environment, personnel selection is a critical function 
to ensure organizational success, all companies have a human resources department, 
within which a selection area is typically established. These processes are decisive 
for proper organizational functioning, as they promote productivity through informed 
decision-making. This is based on the premise that the ability to predict employee 
performance prior to hiring can not only reduce costs but also significantly improve 
talent retention. The primary function of the selection area is to identify and select 
the most suitable candidates to fill available vacancies. Such vacancies arise from 
new positions, retirements, or employee replacements. These processes are mainly 
associated with HR departments and include psychological, technical (specific skills), 
and assessment center evaluations. Inadequate selection can limit the efficient use of 
resources and bias organizational outcomes [1], [3], [5], [6], [19], [20].

In this regard, the article “La selección de personal basada en competencias y 
su relación con la eficacia organizacional” defines, in general terms, the steps required 
to conduct an effective selection process, which are described below [21]:

•	 Writing the announcement: This step defines the guidelines of the selection 
process. A well-structured announcement can determine the quality and 
quantity of applicants for the vacancy.

•	 Resume analysis: The submitted resumes are reviewed to identify profiles 
aligned with the vacancy. At this stage, aspects such as writing quality 
are considered, and candidates to be invited for interviews and tests are 
selected.

•	 The interview: This involves a structured dialogue aimed at observing ap-
plicants’ expressions, gestures, posture, and behavior. It is one of the most 
important factors in the final decision.

•	 Competency-based interview: Applicants are encouraged to respond 
based on factual experiences rather than opinions, ensuring objectivity. 
This requires a strong interaction between interviewer and interviewee. The 
interviewer must possess analytical skills and agility to identify behavioral 
patterns from the applicant’s narrative, based on the premise that individu-
als tend to repeat past behaviors. Four key components are evaluated: tech-
nical competencies, functional experience, professional competencies, 
and social skills. According to the purpose, specific questions, tests, and 
evaluations are defined. This type of interview is generally more extensive 
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than a conventional one and enables a more comprehensive evaluation of 
candidates [21].

•	 Interview record: At this stage, the entire evaluation process must be doc-
umented, as it is essential for decision-making. Records should include 
information such as experience, knowledge, academic level, current remu-
neration, presentation, communication skills, and competencies.

Once all stages of the selection process have been completed, the final decision 
is made by the direct manager. Although the human resources department conducts 
the process and provides recommendations, it is not responsible for the final decision; 
however, it must provide sufficient information to support it.

It is important to note that job applicants are increasingly attracted to digital 
selection processes, as they perceive them as innovative. However, the absence of 
human interaction may have the opposite effect, leading to negative perceptions. To 
mitigate this, hybrid or “augmented” selection models are often implemented [22], [23].

b. Machine Learning in Predictive Analytics

Artificial intelligence and computational intelligence processes are characterized by 
replicating human cognitive functions through machines, including capabilities rang-
ing from voice and image analysis to automated learning processes, such as Machine 
Learning (ML). Unlike human cognition, these tools enable the rapid and objective 
analysis of large volumes of data, facilitating the identification of patterns and the 
extraction of useful information to support more efficient decision-making. ML inte-
grates algorithms and computational intelligence techniques that allow systems to 
learn and improve performance based on experience [24]–[27].

Within computational intelligence techniques, Data Analytics processes include 
a subfield known as Predictive Analytics (PA), which extracts information from data 
to forecast future outcomes. Within this framework, Machine Learning methods au-
tomatically learn relationships between descriptive attributes and a target variable 
based on historical data, enabling predictions about future behavior. Machine Learning 
models in Predictive Analytics are generally classified into two categories according 
to their learning nature [28], [29]:

•	 Supervised learning: The model is trained using a target variable that guides 
the learning process and addresses the research objective.
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•	 Unsupervised learning: There is no target variable, and the objective is to 
identify patterns or structures within the data, which may not necessarily 
produce directly applicable results.

These models require two types of variables:

•	 Independent variables: These correspond to the input data available at the 
beginning of the process and are used to generate predictions (e.g., age, 
education level).

•	 Dependent (behavioral) variable: This is the target variable to be predicted. 
In supervised learning, the objective is to identify relationships between 
this variable and the independent variables, enabling valuable insights for 
decision-making.

c. Predictive Analytics Algorithms

The following section describes several machine learning algorithms applicable to 
this study:

•	 Logistic Regression: Commonly used in medical and social sciences, it 
models the probability of an event as a function of other variables, estab-
lishing relationships between a categorical target variable and predictor 
variables [30], [31].

•	 Decision Trees: These models are easily interpretable and allow evaluation 
and adjustment of accuracy. They map input attributes to a target variable 
by recursively partitioning the data [32].

•	 Random Forest: An ensemble method that constructs multiple decision 
trees and combines their outputs to improve predictive performance [33].

•	 K-Nearest Neighbors (KNN): This algorithm classifies data points based 
on proximity to neighboring instances in the feature space, using distance 
metrics for inference [32], [34].

•	 Support Vector Classifier (SVC): A classifier that separates classes by max-
imizing the margin between them [35].

•	 Gradient Boosting: An ensemble method that combines multiple weak 
learners (typically decision trees) to improve accuracy [36].

•	 AdaBoost: An algorithm that integrates weak classifiers to enhance classi-
fication performance [37].
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•	 Naïve Bayes: Based on Bayes’ theorem, it assumes independence among 
predictors [38].

•	 Multi-Layer Perceptron (MLP): A neural network model capable of learning 
complex representations through multiple layers [39].

•	 Bagging Classifier: Generates multiple subsets of training data to improve 
model accuracy and reduce variance [40].

•	 Extra Trees: A variant of decision trees that randomly selects features and 
thresholds to enhance generalization [41].

d. Performance Measures

To evaluate the classifiers, the dataset is divided into two subsets: a training set, used 
to build the model, and a validation set, used to assess its performance. In the vali-
dation phase, predictions generated by the trained model are compared with actual 
outcomes.

The performance of each classifier is evaluated using confusion matrices, 
which enable the calculation of metrics such as true positive rate, false positive rate, 
and harmonic mean (F1-score). The confusion matrix provides a graphical representa-
tion of results, where columns represent actual classes and rows represent predicted 
classifications [42].

The performance measures that are broken down from the confounding matrix 
are described in the Equation 1, 2, 3 and 4, along with its objective.

Equation 1: Accuracy - Measures the percentage of correct positive predictions

(1)

Equation 2: Accuracy - Measures the percentage of individuals classified 
correctly.

(2)
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Equation 3: Recall - Measures the percentage of positive individuals detected.

(3)

Equation 4: Specificity - Measures the percentage of negative individuals 
detected

(4)

This stage is critical for the development of this research, as, following valida-
tion testing, at least one algorithm was selected for implementation in each problem 
scenario. This selection process was incorporated into the proposed model, and in 
each case, the chosen algorithm contributed to addressing the research question 
defined at the outset.

2. MATERIALS AND METHODS
To address the inherent complexity of the personnel selection process in companies 
within the BPO sector in Colombia, this research adopted a methodology that com-
bines qualitative and quantitative approaches. Initially, a qualitative approach was 
used to identify the key characteristics of successful employees, based on the knowl-
edge and experience of the selection psychologists in the company under study. 
Subsequently, a quantitative analysis was conducted, applying computational intelli-
gence tools and genetic algorithms to formalize these findings and develop a robust 
predictive model. This approach is based on the integration of qualitative and quanti-
tative techniques, which together enable a more accurate assessment of candidates. 
Figure 1 presents the step-by-step methodological process [43]. 

The mixed methodology employed in this study enabled a more comprehensive 
understanding of the selection process, combining the rigor of quantitative analysis 
with the depth of qualitative insights. This approach is particularly relevant in a busi-
ness context where hiring decisions have a significant impact on organizational culture 
and performance. The results indicate that the integration of predictive techniques into 
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personnel selection is not only feasible but also offers advantages in terms of process 
simplicity and improved predictive accuracy [44]–[47].

•  Definition of inherent applicant factors 

•  Comparison of results

•  Aplication of ML models

•  Identification of atribute correlation

•  Preliminary satistical analysis

•  Collection of a behavioral data

•  Aplication to a pool of hired candidates

Analysis
Factors

Preliminary
View

Learn

Testing

Correlation

Data
Collection

Aplication to
Candidates

Figure 1. Methodological process.
Source: Own work

a. Definition of Applicants’ Inherent Factors
Along with the selection area, those attributes were defined considering that they 
were relevant to the selection process, as well as that they were not discriminatory to 
avoid biases in the results and legal restrictions, as shown in the [48]Figure 2.

The following is a description of the attributes considered for each factor

•	 Personal factor: Age, number of children, marital status.
•	 Family factor: Number of people you live with, number of dependents, type 

of housing, place of residence, spouse, spouse works, lives with father, lives 
with mother, lives with siblings, lives with children, lives with others.

•	 Academic factor: No. Languages, Level of education, Are currently study-
ing, branch of study, study center, speak English, French, Portuguese, other.

•	 Professional Factor: Months of experience, months of experience in the 
BPO sector, Number of jobs in the last 5 years, months without employ-
ment, duration of the last job, salary aspiration, previous salary, availability 
of income, previous job is BPO.
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•	 Business Factor: Salary contracted, type of service for which it was con-
tracted, contracted working hours.

•	 Objective Factor: The employee did not resign until at least three months 
after their contract start date. In the collection form, they were labeled a 
‘Good Employee,’ referring solely to the fact that they met the minimum 
required period of stay, regardless of performance.

Personal
Factor

Business
Factor

Academic
Factor

Profesional
Factor

Family
Factor

Objetive
Factor

Figure  2. Based on psychologists selection of study company.
Source: Own work.

The selection of variables for the exploratory analysis was based on their rel-
evance to the study objective. These variables were chosen because the head of the 
selection area—responsible for data collection together with their team—indicated, 
based on professional experience, that these factors could significantly influence job 
performance. Age, for instance, is considered relevant due to its association with work 
experience and professional maturity. The number of dependents may reflect addition-
al family responsibilities that could affect an individual’s availability and performance. 
Marital status can also influence work–life balance, potentially impacting productivity 
and engagement. Similarly, the number of previous jobs and the duration of unem-
ployment provide insights into job stability and prior experience, both of which are key 
in evaluating performance and adaptability. In summary, the selected variables—such 
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as age, marital status, number of dependents, and work experience—were chosen for 
their practical relevance and their potential impact on performance and adaptation, as 
assessed by the selection area.

b. Application to a Pool of Hired Candidates and 
Collection of Behavioral Data
The data collection period was established as one month, selecting a representative 
period without significant seasonal fluctuations, such as December (holiday season) 
or April (Easter period). Psychologists responsible for each hiring process adminis-
tered a survey to candidates at the time of onboarding. Subsequently, information 
related to the previously defined “company” factor—such as salary, type of service, and 
working hours—was incorporated. Three months after hiring, the Human Resources 
department completed the records by indicating which candidates met the minimum 
retention threshold of three months.

To ensure standardized response categories and minimize missing data, a 
Google Form with multiple-choice options was used. All individual datasets were con-
solidated into a single database containing records for 560 employees hired during 
the study period.

c. Preliminary Statistical Analysis
Since many data analysis algorithms require numerical input, converting categori-
cal variables into numerical format is essential. This process, known as categorical 
variable encoding, consists of assigning numerical values to the different categories 
within each variable. This facilitates correlation analysis, the application of predictive 
models, and the overall interpretation of the data. The procedures illustrated in Figures 
3 and 4 perform this transformation by identifying categorical variables in the data-
set and assigning numerical values to their corresponding categories. This approach 
ensures the effective integration of categorical variables into subsequent analyses, 
enabling a more comprehensive and accurate exploration of the data.
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Figure 3. Identification of categories to categorical variables.
Source: Own work.

Figure  4. Example of assigning numbers to categorical variables.
Source: Own work.

After converting the categorical variables into numerical ones, an explorato-
ry approach was conducted to better understand the relationship between different 
characteristics of the data. This initial approach involves a visual exploration of the 
data, which provides an intuitive and insightful perspective on the trends and patterns 
present in the dataset. In this context, a specific visualization was used to examine the 
relationship between the target category “Good Employee” and several other key char-
acteristics of the dataset. These characteristics include age, number of dependents, 
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marital status, number of previous jobs, and number of months without employment. 
By visually analyzing these relationships, potential significant associations and trends 
can be identified that are crucial to understanding employees’ job performance and 
circumstances, for example in the Figure 5 the behavior of the target variable with 
respect to age indicates a higher tendency to resign  between the ages of 20 to 28 
years old, as well as the tendency of retention between 32 and 40 years old.
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Figure  5. Distribution of the category “Good Employee” according to age.
Source: Own work.

According to the data collected, it can be observed that there is a greater num-
ber of resignations when employees do not have children or when they have one com-
pared to when they have two or more, as evidenced in Figure 6.
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Figure  6. Distribution of the “Good Employee” category according to dependents.
Source: Own work.

When an applicant has been unemployed for 6 months or more, the tendency 
to quit is lower compared to when they come from another job directly, as can be seen 
in the Figure 7.
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Figure  7. Distribution of the “Good Employee” category according to the number of 
months without an employee.

Source: Own work.
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Based on the graphs in this chapter, we can observe that the relationship be-
tween the target category “Good Employee” and factors such as age, the number 
of dependents and months without employment shows clear patterns. For example, 
the greatest tendency to quit occurs in young employees (20 to 28 years old), while 
retention rates increase between 32 and 40 years old. In addition, employees with 
more family responsibilities (2 or more dependents) tend to keep their jobs longer, and 
those with long periods of unemployment (6 months or more) are less likely to quit. 

d. Identifying Attribute Correlation
To represent the dependence between variables, a correlation matrix was used, this 
statistical tool measures the intensity and direction of the linear relationships between 
variables, using values ranging from -1 to 1, a value of 1 indicates a perfect positive 
correlation, -1 a perfect negative correlation, and 0 denotes no correlation. In this 
matrix, the strongest correlations are visualized on red scales, indicating significant 
positive relationships, while blue ones represent negative relationships. It is worth not-
ing that the main diagonal line that is completely in red reflects the perfect correlation 
of each variable with itself and therefore does not provide relevant information for the 
analysis. Additionally, a white line corresponding to the variable ‘otro_idioma’ indicates 
a lack of correlation, suggesting that this attribute is independent. In contrast, the vari-
able ‘English’ shows a strong correlation with both ‘salary aspiration’ and ‘hired salary’, 
as illustrated in Figure 8 [15].
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Figure  8. Correlation matrix.
Source: Own work.



18 Data-driven talent management: predictive modeling for human capital decisions in the BPO industry

Ingeniería Solidaria e-ISSN 2357-6014 / Vol. 22, no. 2 / may-august 2026 / Bogotá D.C., Colombia
Universidad Cooperativa de Colombia

Since there is no significant correlation with the objective variable “Good em-
ployee” visually, we proceeded to quantify its relationship with each variable, where it 
was evidenced that the highest correlation is 0.16; Due to its proximity to 0, it is inferred 
that the correlations are not significant, therefore there is no direct relationship with 
any of the variables collected, as presented in the Figure 9.
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Figure  9. Correlation graph of variables vs. variable “Good Employee”.
Source: Own work.

To evaluate the relationship between the target variable “Good employee” and 
the other variables, a chi-square test was performed. This analysis allowed us to 
explore possible significant associations, considering as a reference a p-value < 0.05 
to identify relevant relationships. In the Figure 10 The results obtained for each variable 
are presented.
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Figure  10. Chi Square test results graph.
Source: Own work.

Thus, the variables “Number of children”, “Dependents”, “Previous salary”, 
“Income availability”, “Hired salary”, and “Working schedule” were identified as present-
ing statistically significant results in the applied test, suggesting a relevant relationship 
with the “Good Employee” category. This finding highlights the importance of consid-
ering both personal and work-related factors in the analysis of employee performance.

For example, “Number of children” and “Dependents” may be associated with 
a greater sense of responsibility and stability, factors that could positively influence 
employee retention and engagement. On the other hand, variables such as “Previous 
salary” and “Hired salary” may reflect salary expectations aligned with the position, 
which could contribute to reduced turnover.

Additionally, “Income availability” and “Working schedule” may be related to the 
employee’s ability to adapt to the working conditions offered, thereby influencing their 
decision to remain in the organization. These results not only provide valuable insights 
for improving the selection process but also highlight the need for further research on 
how these factors interact to influence job performance.
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Application of Machine Learning Models
To properly apply Machine Learning models, it is necessary to define the output vari-
able, referred to as “Good Employee”, in relation to the predictor variables. The dataset 
is then divided into two subsets: a training set (80%) and a test set (20%). This is a 
standard practice in machine learning, allowing a balance between model training and 
evaluation. This separation is essential to objectively assess model performance. The 
procedure performed is illustrated in Figure 11 [49].

Figure  11. Data separation code in training and testing.
Source: Own work.

To seek to balance the distribution between minority and majority classes, 
which can improve the generalizability and prediction of the model by reducing class 
bias, the SMOTE (Synthetic Minority Over-sampling Technique) technique is applied to 
the training set to generate synthetic samples of the minority class (“Good Employee”) 
by creating close artificial data in the characteristic space as presented in the [50]
Figure 12. 

Figure  12. SMOTE technique application code.
Source: Own work.
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With the pre-processed and balanced data, the various machine learning al-
gorithms of classification, regression and clustering are implemented and evaluated. 
The models were selected based on the literature review and their relevance to the 
type of data and objectives of the analysis, evaluating each one based on its predictive 
accuracy and interpretability. Below is a summary of the algorithms used: [51]

•	 RandomForestClassifier: Decision tree-based model that improves accu-
racy with multiple trees. [33]

•	 SVC: Classifier that uses the maximum margin between classes for sep-
aration. [35]

•	 GradientBoosting: Assembly model that combines several weak trees to 
improve accuracy. [36]

•	 LogisticRegression: Model that estimates probabilities and classifies 
based on logistic regression. [30]

•	 Decision Trees: A decision tree that classifies data by dividing based on 
characteristics. [32]

•	 Adaboost: An assembly method that adjusts the weights of errors in suc-
cessive iterations. [37]

•	 K-Nearest Neighbor (KNN): Classifier based on the proximity of the points 
in the feature space. [34]

•	 Naive Bayes: Classifier based on Bayesian theory and independence be-
tween characteristics. [52]

•	 Multi-layer Perceptron (MLP): Neural network that uses multiple layers to 
learn complex representations. [39]

•	 BaggingClassifier: Assembly method that uses multiple base classifiers 
to improve accuracy. [40]

•	 Extra Trees: A variant of decision trees that introduces randomness in the 
division of nodes. [41]

3. RESULTS
The model was trained using a portion of the dataset, while the remaining portion was 
used to validate its performance. Metrics such as accuracy, sensitivity, and specific-
ity were employed to assess the effectiveness of the model in predicting candidate 
success. The results were analyzed using a matrix that enabled the identification of 
patterns and the evaluation of model performance under different scenarios. This 
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analysis provided valuable information for refining the model, improving its accuracy 
and long-term applicability. 

The matrix presented in Table 1 [49] provides a comparative evaluation of the 
performance of the selected algorithms using several relevant metrics. “Training 
Accuracy” reflects the model’s ability to fit the training dataset, while “Testing 
Accuracy” measures its performance on previously unseen data. The “Sensitivity” and 
“Specificity” metrics offer complementary insights into the model’s ability to correctly 
identify both positive cases (employees who remain) and negative cases (employees 
who leave). The “F1 Score” balances precision and sensitivity, and the “AUC Score” 
summarizes the overall effectiveness of the model based on the ROC curve.

The best results are highlighted in green, indicating the algorithms with the 
strongest performance for each metric, while the values in red indicate the lowest 
performance. Additionally, the categories “TP”, “FP”, “FN”, and “TN” correspond to true 
positives, false positives, false negatives, and true negatives, respectively, enabling a 
detailed analysis of the errors and correct classifications for each model.

Board 1. Comparison of algorithm training results.

Algorithm Name Testing 
Accuracy Sensitivity Specifivity F1 

Score
AUC 

Score HCMC FP FN TN

RandomForestClassifier 0,7260 0,7313 0,7215 0,7403 0,7251 49 22 18 57

SVC 0,8013 0,7216 0,9444 0,7727 0,8064 70 3 27 51

GradientBoosting 0,8079 0,8143 0,8025 0,8176 0,8071 57 16 13 65

LogisticRegression 0,6358 0,6364 0,6353 0,6626 0,6338 42 31 24 54

Decision Trees 0,7815 0,8030 0,7647 0,7975 0,7797 53 20 13 65

Adaboost 0,8013 0,7945 0,8077 0,8077 0,8011 58 15 15 63

K-Nearest Neighbor (KNN) 0,8146 0,8462 0,7907 0,8293 0,8126 55 18 10 68

Naive Bayes 0,5629 0,7692 0,5435 0,6944 0,5493 10 63 3 75

Multi-layer Perceptron 0,4967 0,4866 0,6667 0,0952 0,5119 71 2 74 4

BaggingClassifier 0,8079 0,8056 0,8101 0,8153 0,8075 58 15 14 64

Extra Trees 0,7748 0,7671 0,7805 0,7805 0,7746 56 17 17 61

Source: Own work
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4. DISCUSSION AND CONCLUSIONS 
4.1 Analysis and Interpretation
The results of this research demonstrate that the developed predictive model achieves 
high accuracy in identifying candidates with a high probability of retention. Among the 
most significant attributes are “Number of children”, “Dependents”, “Previous salary”, 
“Income availability”, “Hired salary”, and “Working schedule”, which validate the ini-
tial hypothesis regarding the critical factors in the selection process. In addition, the 
qualitative analysis complemented the quantitative approach by capturing subjective 
aspects of the selection process that would not have been identified otherwise.

These findings have important implications for human resource management. 
The ability to predict candidate retention prior to hiring improves the efficiency of the 
selection process and contributes to better alignment between recruitment decisions 
and the strategic objectives of the organization.

In the recruitment context, the KNN algorithm demonstrates strong perfor-
mance in key metrics such as Sensitivity (84.62%) and F1 Score (82.93%), indicating 
its effectiveness in correctly identifying both employees who are likely to remain and 
those who may leave. This makes it suitable for scenarios where overall predictive 
balance is required and both false positives and false negatives must be minimized.

However, when addressing the practical objective of minimizing costs associ-
ated with early employee turnover, the Support Vector Classifier (SVC) emerges as a 
more appropriate alternative. This algorithm achieved the highest Specificity (94.44%) 
and only three false positives, indicating a strong capacity to correctly identify employ-
ees who are unlikely to leave. This characteristic is particularly relevant in scenarios 
where the cost of hiring employees who subsequently resign is high, as it reduces 
unnecessary allocation of resources to candidates with a high risk of attrition.

From a practical perspective, especially when the primary objective is cost 
reduction, SVC stands out due to its effectiveness in minimizing the risk of hiring 
employees who will leave the organization prematurely.

4.2 Conclusions
The predictive model developed in this study enabled a substantial reduction in early 
turnover, decreasing from an initial 62.82% to 4.11% in the final simulation. In addi-
tion to improving retention, the model contributes to more efficient use of financial 
and operational resources, corresponding to estimated savings exceeding COP 
$1,000 million in quarterly cash flow. This estimation is based on the cost of hiring 
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(administrative and learning curve costs) multiplied by the number of employees who 
resign within the first three months.

The Support Vector Classifier (SVC) algorithm proved to be the most suitable 
option for minimizing turnover-related costs, due to its high specificity (94.44%) and 
low number of false positives. This result is particularly relevant in business environ-
ments where employee replacement costs are high, reinforcing the value of predictive 
techniques in high-impact economic contexts.

The analysis identified critical variables such as working schedule (r = 0.16, p = 
0.0007), dependents (r = 0.13, p = 0.0015), and number of children (r = 0.09, p = 0.0264), 
which showed positive and statistically significant correlations with the target variable, 
indicating that work-related and family-related factors directly influence employee re-
tention. Additionally, variables such as income availability (r = −0.14, p = 0.0159) and 
hired salary (r = −0.07, p = 0.0109) exhibited negative correlations, suggesting that 
lower values in these variables may be associated with longer tenure, potentially due 
to economic motivations. These findings highlight the relevance of incorporating such 
variables into predictive models for early turnover in the Colombian BPO sector.

This study establishes a foundation for the continuous application of predictive 
models in human resource management, which can be adapted to other industries 
and improved through the incorporation of new data. This approach enables organiza-
tions to respond to evolving labor dynamics, promoting more efficient and competitive 
selection processes, while also providing a replicable and scalable framework for ad-
dressing common challenges in the BPO sector.
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