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La Revista de Casos de Estudio en HR Analytics nace con la misién de facilitar el intercambio de
conocimiento especializado entre profesionales y académicos en el ambito de la analitica de
Recursos Humanos, con el objetivo de mejorar la efectividad de las organizaciones. La entidad
responsable de esta revista es la Asociacidn para el Desarrollo de la Ingenieria del
Conocimiento (ADIC), siendo esta publicacién on-line editada por el Instituto de Ingenieria del

Conocimiento (IIC) con una periodicidad de un nimero anual.
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Objetivo

La revista tiene como objetivo principal ser
un vehiculo para la reflexion y la difusion
de las buenas practicas, ultimos avances
ylineas de investigacion en el dmbito de la
analitica aplicada para la toma de decisiones
sobre la gestion del capital humano en las
organizaciones.

La revista tiene un caracter cientifico y una

vocacion divulgativa, por ello propone

articulos fundamentalmente de caracter
aplicado. Con ellos se pretende que los
profesionales de las organizaciones accedan
a un conocimiento relevante acerca de
como otras organizaciones desarrollan
HRA. Y, también, acercar a los académicos el
conocimiento respecto de como se desarrolla

HRA en la practica.
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Alcance

El enfoque de la Revista, que pretende ser
multidisciplinar, da cabida (entre otros) a
manuscritos que: reflejen casos practicos de
aplicacion del HRA en las organizaciones; que
analicen, comparen y relacionen la utilidad

de diferentes técnicas y/o herramientas para
el abordaje de diferentes objetivos analiticos;
que planteen y valoren la efectividad de
diferentes metodologias de trabajo para el
desarrollo de proyectos HRA; que ayuden a
entender el mapa de ruta por el que transitar

desde los niveles basicos del HRA hasta los
niveles de excelencia; y que en general ayuden
a entender como mejorar la efectividad
organizacional a partir de la analitica de datos
referidos a la fuerza de trabajo.
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Resumen

Palabras clave Utilizando los datos de una empresa quimica multinacional ubicada en Espafia, este
estudio realiza un analisis multivariable para comprender los factores que influyen en el
desempefio de los empleados. En total se analizaron 18 variables organizacionales,
incluyendo algunas poco comunes como el teletrabajo y la distancia del domicilio al

gestion del desemperio,
rendimiento laboral, andlisis
multivariable, bosques
aleatorios, aprendizaje
automdtico, modelizacion
predictiva, sector quimico,

centro de trabajo. Utilizando Python y aplicando estadisticas descriptivas, analisis de
correlacion, regresion lineal y modelado de bosques aleatorios, el estudio extrae
conclusiones interesantes sobre el impacto de estas variables en el desempeio de los
empleados y destaca la importancia de utilizar modelos complejos de aprendizaje

Espafa.
automatico para predecir resultados, especialmente para variables con poca variacion.
Los resultados aportan ideas relevantes no solo para la organizacion, sino también para
los profesionales de RRHH y sugieren posibles vias de investigacidn en el futuro.
Abstract

Keywords Based on data from a multinational chemical company located in Spain, this study

employee performance conducts a multivariable analysis to understand the factors that influence employee

multivariable analysis, random performance. A total of 18 variables, including tele-working and distance from home to

forest modeling, machine work, were analysed using Python through descriptive statistics, correlation analysis,
learning, predictive modeling,

chemical company, Spain.

linear regression, and random forest modelling. The study finds interesting conclusions
about the impact of these variables on employee performance and highlights the
importance of using complex machine learning models for predicting outcomes,
particularly for variables that have low variation. The results provide important insights
for practitioners and suggest potential avenues for future research.
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1. Introduccion

The study of factors that affect employee performance is
of great interest to both scholars and practitioners in the
field of human resource management. Its importance lies
in the fact that high employee performance is crucial for
the success of any organization. According to a study by
Khan (2012), employee productivity is influenced by
several factors including motivation, leadership, training,
and technology. Additionally, the COVID-19 pandemic has
led to an increase in telecommuting, which has further
emphasized the importance of investigating how factors
such as the work environment and distance to work affect
employee performance. By identifying the variables that
have a significant impact on employee performance,
organizations can implement effective human resource
management  strategies to employee
productivity and performance, which can have a positive
impact on the success and competitiveness of the
company.

maximize

Previous research has shown that various individual,
job-related, and organizational factors can have a
significant impact on employee performance (Cerasoli,
Nicklin, & Ford, 2014; Tett & Meyer, 1993). However, most
studies tend to focus on a few variables, typically no more
than ten, and often overlook other potentially important
factors.

One such variable that has been relatively understudied in
the context of employee performance is distance to work.
While previous research has examined the impact of
commute time on employee job satisfaction and turnover
(Amponsah-Tawiah, Annor, & Arthur, 2016) the impact of
distance to work on employee performance has received
even less attention. This is surprising given that
commuting distance has been shown to have a negative
impact on physical and mental well-being (Clark,
Chatterjee, Martin, & Davis, 2020) and could potentially
affect employee performance through fatigue, stress, and
time constraints.

Moreover, due to the growing importance of teleworking
worldwide because of the COVID-19 pandemic, this
variable has become increasingly important. Many
employees have shifted to remote work, which may affect
their distance to work and potentially impact their
performance.

So, this study aims to identify factors that affect employee
performance in a chemical company in Spain, with a
particular focus on training and work arrangements,

©ADIC-IIC
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including distance to work and telecommuting. By
examining the impact of these variables on employee
performance, this study seeks to contribute to the existing
literature on factors that influence employee productivity
and provide insights for practitioners to optimize human
resource management strategies.

Furthermore, the ability to predict employee performance
is of utmost importance for the studied chemical
company, especially in light of the anticipated retirements
and its aging workforce. By compressively understanding
the factors that influence performance and leveraging
predictive analytics, the organization can proactively plan
for succession, identify training needs, and strategically
allocate resources to ensure a smooth transition and
minimize productivity disruptions. Moreover, predictive
analytics enables the company to attract and retain the
right talent, bridging the generation gap and fostering a
diverse and dynamic workforce. In this way, the company
can adapt to the upcoming demographic changes,
maintain competitiveness, and achieve long-term success
with a highly capable and motivated workforce.

1.1. Research gaps

Although the literature on the determinants of employee
performance is extensive, few studies have explored the
impact of teleworking and distance from home to work on
employee performance in the chemical sector in Spain.
This is surprising given the increasing importance of
teleworking due to the COVID-19 pandemic and the fact
that the chemical industry is one of the most important
sectors in Spain, contributing significantly to the country's
GDP. Existing studies have mainly focused on other factors
such as job satisfaction (Judge, Thoresen, Bono, & Patton,
2001; Khan, Alamdar, Nawaz, Aleem, & Hamed, 2014),
leadership style (Kalambayi, Onojaefe, Kasse, & Tengeh,
2021; Tamimi & Sopiah, 2022), and training (Flegl, Depoo,
& Alcazar, 2022).

Moreover, previous studies on the determinants of
employee performance have mainly used traditional
statistical methods, such as correlation analysis and linear
regression. Few studies have utilized advanced machine
learning techniques, such as random forest modeling, to
predict the impact of different variables on employee
performance (Motyka, 2018). Machine learning models can
better capture non-linear relationships between variables
and can predict outcomes more accurately, particularly
for variables with low variation.
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Regarding studies that use multivariate analyses to
analyze employee performance, there are also limited
amounts of research compared to studies that focus on a
single variable or use a more limited approach. A
systematic review study conducted by Motyka (2018)
suggest that only 20% of studies on employee
performance used multivariate analyses. This suggests
that there is a need for more complex studies that analyze
multiple factors that influence employee performance to
have a more comprehensive understanding of predictors
of performance.

Therefore, the aim of this study is to fill these research
gaps by examining the effects of teleworking and distance
from home to work on employee performance in the
chemical sector in Spain through the use of advanced
machine learning techniques. However, this study goes
beyond that by analyzing a total of 18 variables obtained
from HR department data (without the need for survey
measurements) which is also an unusual approach. The
results of this study could provide valuable insights for
practitioners in the chemical industry and contribute to
the development of effective human
management strategies. Additionally, this study could
pave the way for future research to explore other
determinants of employee performance in the chemical
industry in Spain.

resource

1.2. Research question and
objectives of the study

The preceding discussion about the research gaps on
factors that influence performance steers the course of the
present dissertation. Accordingly, the main research
question is:

How does training with work arrangements, including
distance to work and telecommuting, impact employee
performance in a multinational chemical company?

In order to answer the research question and to achieve
the objective, this dissertation has both theoretical and
empirical objectives. These objectives are:

1. Reviewthe literature related to possible variables that
may affect performance.

2. Analyze the variables that we believe may have a
relationship with performance from a quantitative
standpoint and use both traditional prediction
techniques such as regression and machine learning
techniques like random forest to identify predictive

©ADICAIC
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variables. We will include variables that have been
studied less, such as remote work and commute
distance.

2. Literature review

Employee performance is a crucial factor in the success of
any organization. Over the vyears, researchers have
conducted numerous studies to explore the factors that
influence employee performance and how it can be
improved. In this section, we provide an overview of
current research areas in employee performance and
highlight key findings from relevant studies. Additionally,
to contextualize this study within the chemical industry,
which is the focus of our case study, we will review studies
that have investigated the relationship between the
variables we are examining and employee performance in
this industry.

2.1. Mapping the research
landscape of employee
performance

Over the years, extensive research has been conducted on
various aspects of employee performance, leading to the
identification of six broad areas of research:

1. Performance measurement and evaluation: This
area focuses on developing and evaluating metrics
and methods for measuring performance in
organizations. Researchers in this area aim to identify
objective and reliable performance indicators that
can be used to evaluate individual, team, and
organizational performance (Koopmans, Bernaards,
Hildebrandt, De Vet, & van der Beek, 2013; DeNisi &
Murphy, 2017).

2. Performance feedback and coaching: This area
focuses on providing feedback and coaching to
employees  to their  performance.
Researchers in this area examine the effectiveness of
different feedback and coaching strategies and
techniques, as well as the factors that influence their
success (Cattell, 2006; Awaysheh, Bonet, & Ortega,
2023).

improve

3. Performance motivation and engagement: This area
focuses on understanding the factors that motivate
and engage employees to perform at their best.
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Researchers in this area investigate the role of
intrinsic and extrinsic motivation, job satisfaction,
organizational culture, and leadership in shaping
employee performance (Riyanto, Endri, & Herlisha,
2021; Sugiarti, 2022).

4. Performance and well-being: This area focuses on the
relationship between performance and employee
well-being. Researchers in this area examine the
impact of performance demands and stress on
employee well-being, as well as the strategies and
interventions that can enhance employee resilience
and well-being (Iskamto, 2021; Wright, Cropanzano &
Bonett, 2007).

5. Performance and diversity: This area focuses on how
diversity in the workplace affects individual and
organizational performance. Researchers in this area
investigate the impact of diversity on team dynamics,
communication, decision-making, and innovation, as
well as the strategies for managing diversity to
enhance performance (Joshi & Roh, 2009; Van
Knippenberg, Nishii & Dwertmann (2020).

6. Performance and technology: This area focuses on
the individual and
organizational performance. Researchers in this area
investigate the role of technology in facilitating
communication, collaboration, and knowledge
sharing, as well as the potential negative effects of
technology on work-life balance and employee
well-being (Rasool, Warraich, & Sajid, 2022; Suryadi,
FoEh, & Manafe, 2022).

impact of technology on

It is important to note that performance is a complex and
multifaceted construct that is influenced by a wide range
of individual, organizational, and environmental factors.
As researchers continue to explore new areas of inquiry,
we can deepen our understanding of performance and
identify effective for enhancing it in
organizations.

strategies

Www.iic.uam.es

2.2. Employee performance in
chemical companies

In the context of chemical companies, numerous studies
have investigated employee performance, providing
valuable insights into the factors that affect performance
in this industry. One key finding is the importance of safety
culture in enhancing employee performance. Strong
safety culture , which means a solid organizational focus
on workplace safety, has been linked to higher employee
engagement, job satisfaction, and improved performance
(Zohar, 2010). Another significant factor that influences
employee performance in chemical companies is the work
environment, including job autonomy, social support, and
job demands, which have been found to be important
predictors of employee performance (Abdulkhaliq &
Mohammadali, 2019; Karasek, 1979).

Leadership has also been highlighted as a key factor in
shaping employee performance in chemical companies.
Effective leadership has been linked to higher job
satisfaction, better employee engagement, and improved
performance (Farid, Kee, Mohamad, Hameem, & Zulkafli,
2020; Gilbreath & Benson, 2004). Furthermore, research
has examined the impact of training and development
programs on employee performance in chemical
companies, suggesting that such programs can improve
employee skills and knowledge, leading to better job
performance (Al Karim, 2019).

Other organizational factors, such as job category and
salary, have also been found to be related to employee
performance in the chemical industry, with higher job
categories and salaries being associated with better
performance (Abdulkhalig & Mohammadali, 2019). These
findings suggest that various organizational factors can
significantly impact employee performance in the
chemical industry, highlighting the importance of
considering these factors when trying to improve
employee performance in this sector.

Additionally, studies have explored the relationship
between employee performance and organizational
performance in chemical companies, indicating a positive
correlation employee performance and
organizational such as profitability,
productivity, and innovation (Huselid, 1995).

between
outcomes

(1) “Safety culture” is a work environment where safety is highly prioritized. It involves shared beliefs, attitudes, and be-haviors that emphasize safety in all
aspects of work. In the chemical industry, which is inherently risky, a strong safety culture is crucial. It leads to increased employee engagement, job
satisfaction, and improved performance. It also helps prevent accidents, injuries, and protects the environment.
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despite the increasing popularity of
telecommuting and concern about commuting distance in

However,

many industries, there is a lack of specific research on how
these factors affect employee performance in the
chemical industry. To the best of our knowledge, no
studies have specifically explored the relationship
between telecommuting or home-to-work distance and
performance in this sector. Therefore, further research is
needed in this area to better understand how these factors
may affect employee performance in the chemical
industry. Our study aims to fill this research gap and
provide insights into the relationship between telework
and home-to-work distance with employee performance
in the chemical industry.

2.3. Approaches to data analysis
in employee performance studies

Data analysis is a critical component of research on
employee performance, providing insights into the
relationships between various factors and their impact on
performance outcomes. Researchers use a variety of data
analysis techniques to analyze their data, including
regression analysis, factor analysis, structural equation
modeling, and cluster analysis (Zhang, Xu, Zhang, & Yang,
2021).

Regression analysis is one of the most commonly used
techniques in employee performance research, allowing
researchers to investigate the relationships between one
or more independent variables and a dependent variable
(Zhang, Xu, Zhang, & Yang, 2021). Factor analysis, on the
other hand, is used to identify underlying factors that may
explain the relationships between multiple variables.

Structural equation modeling (SEM) is a more advanced
data analysis technique that allows researchers to
examine complex relationships between multiple
variables and test theoretical models (Ringle, Sarstedt,
Mitchell, & Gudergan, 2020). Cluster analysis is another
technique used to identify groups or clusters of individuals

with similar characteristics or performance outcomes.
While these techniques are commonly used in employee

performance research, it is important to note that there
are other data analysis techniques available as well. For
example, some researchers may use qualitative data
analysis techniques, such as content analysis or thematic
analysis, to analyze open-ended survey responses or
interview data.

©ADICAIC
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It is important to properly identify when to use traditional
models such as regression, which is the most commonly
used technique in performance research, and when to
leverage the potential of machine learning methods for
prediction and analysis. Overall, the choice of data
analysis technique depends on the research question, the
type of data collected, and the research design.

When it comes to studying performance in the chemical
industry, researchers have employed various techniques
to predict and enhance employee performance. Some of
the most noteworthy studies in this field include Nguyen
and Giang (2019) utilization of structural equation
modeling to predict employee performance, and Lather,
Malhotra, Saloni, Singh and Mittal (2019) application of
machine learning techniques for the same purpose. Dauda
y Akingbade (2011) used regression and classification
techniques to predict performance in the industry sector,
while Kariuki y Murimi (2015) focused on performance
prediction of chemical enterprise employees using
multiple regression. Lastly, Yuan (2022) leveraged artificial
neural networks to predict employee performance in a
chemical company. These studies provide valuable
insights into the factors that impact performance in the
chemical industry and offer useful tools for predicting and
enhancing employee performance.

It's important to note that in general, the variables used in
these studies tend to be more qualitative or subjective in
nature, such as job satisfaction, quality of interpersonal
relationships, and commitment to the company, among
others.

ISSN: 2792-3770
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3. Hypothesis Development: Predicting employee performance
thorough an integrated model of training and work arrangements

In this section, we present a conceptual model based on
the variables identified in the literature review and the
specific context of our study. We also formulate
hypotheses that will guide our empirical analysis. Figure
3.1 presents our conceptual model.

Training

Middle Manager
Program

Professional
Category

Career mobility

Team size

H3

Distance from
work to home

Figure 3.1 Conceptual model

Our integrated model proposes that several factors
positively contribute to employee performance. First, we
hypothesize that Training Middle Manager Program,
Manager Program, and telecommuting/teleworking are
positively related to performance, as they indicate
investment in employee development and flexibility in
work arrangements. Previous research has consistently
shown that these variables have a positive impact on
employee performance (Akter, 2016; Al Karim, 2019;
Aropah, Sarma, & Sumertajaya, 2020). Employees who
receive regular training and participate in development
programs are likely to have better job skills and
knowledge, leading to improved performance.
Furthermore, employees who have the option to work
remotely may have increased job satisfaction, lower stress
levels, and better work-life balance, which can positively
affect performance.

©ADIC-IC .

HI. Training, Middle Manager Program, Manager
Program, and  telecommuting/teleworking  are
positively related to performance, as they indicate
investment in employee development and flexibility in
work arrangements.

Secondly, we expect that tenure, salary, professional
category, career mobility, and team size are positively
related to performance, as they reflect experience,
compensation, responsibility, opportunities for growth,
and leadership skills. Numerous studies have found that
these factors positively impact employee performance
(Diamantidis & Chatzoglou, 2019; Cerasoli, Nicklin, & Ford,
2014; Farid, Kee, Mohamad, Hameem, & Zulkafli, 2020;
Judge, Thoresen, Bono, & Patton, 2001; Khan, 2012). We
hypothesize that employees who have been with the
company for a longer period, have higher salaries, hold
higher professional categories, have more career mobility
options, and work in larger teams will have greater job
satisfaction and better performance.

H2. Tenure, salary, professional category, career
mobility, and team size are positively related to
performance, as they reflect experience, compensation,
responsibility, opportunities for growth, and leadership
skills.

Thirdly, we hypothesize that distance from home to work
is negatively related to performance. Previous research
suggests that commuting can have a negative impact on
employee well-being and job satisfaction (Page & Nilsson,
2017; Suryadi, FoEh, & Manafe, 2022). We expect that
employees who have to travel longer distances to get to
work may experience more stress, fatigue, and time
inefficiency, leading to decreased job satisfaction and
lower performance.

H3. Distance from home to work is negatively related to
performance, as it may cause stress, fatigue, and time
inefficiency.

Finally, we hypothesize that society within the company,
business unit, and personal area are not significantly
related to performance, as they may not directly affect job
tasks or individual competencies. While these variables
may impact employee job satisfaction and overall
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well-being, we expect that they will not have a significant
impact on performance.

H4. Society, business unit, and personnel area are not
significantly related to performance, as they may not
directly affect job tasks or individual competencies.

4. Methodology

4.1. Population and sample

The sample for this study was restricted to employees who
were currently active in the company as of November 1,
2022, and who met the criteria of being non-intern and
non-partial retiree employees with permanent contracts.
This selection criteria ensured that the sample consisted
of employees who had been with the company for a

significant period of time. The sample size was N = 907.
However, halfway through the study, the decision was

made to split the employee population into two distinct
groups based on "Personal area". This division was made
as these groups represented noticeably different
demographics within the organization, with Al having a
higher proportion of university-educated employees and
exhibiting different performance evaluations compared to
A2, which consisted of employees with non-university
studies. Due to these significant differences, we believed it
was crucial to conduct the study for the entire population
of 907 employees, as well as separately for each group. As
aresult of this division, the sample sizes for A1 and A2 were
393 and 514, respectively.

4.72. Variablesincluded in the
study

The variables used in this study were obtained from the
organization's system and include information typically
collected by the Human Resources department in medium
to large-sized companies. The variables used in the study
are operationalized based on their definitions in the
organizational system.

The study includes several variables that are of interest.

Employee Performance. The dependent variable used in
this study is employee performance, which is measured on
a scale from 70 to 110, where 70 represents low

©ADICAIC
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performance and 110 represents high performance. For
the Random Forest classification model, the variable was
categorized into two, high performance starting from 95
low performance from 94 and below. This
categorization allowed for a simpler criterion to classify
employ-ees based on their performance. The employee
performance variable was constructed as the average of
all per-formance scores for each employee over the last
three years of their tenure with the company. The last
three years of employee tenure were considered in the
performance variable calculation due to changes in the
compa-ny's performance evaluation model over time. It
was determined that only recent years would be included
to en-sure consistency in the evaluation process. This
ensures that the measure is consistent and reliable. In
addition, the performance evaluation method used is
goal-setting: specific goals and objectives are established
for each em-ployee, and their performance is evaluated
based on whether they have achieved them or not, using a
range from 70 to 100, where a score above 100 is
considered exceptional.

and

The independent variables that may have an impact on
employee performance are:

1. Training: the amount and variability of training
received throughout their tenure with the company. It
is measured by the total number of training hours
completed, the number of different courses
completed, and the total number
completed. This variable is an indicator of the
investment made by the company in the development
of its employees and their potential for growth within
the organization.

of courses

2. Middle Manager Program: this is a specialized
training program aimed at middle managers in the
company. It is measured by the participation in this
program, by a binary variable (Yes/No), indicating
whether the employee has coursed the program or
not.

3. Manager Program: this is a specialized training
program aimed at managers in the company. It is
measured by the participation in this program, by a
binary variable (Yes/No), indicating whether the
employee has completed the program or not.

4. Telecommuting/teleworking: whether the employee
has formally requested and been granted the option
to work remotely by the company. This variable is
measured as a binary Yes/No variable.
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5. Tenure: the number of years the employee has been
with the company.

6. Salary: the employee's annual salary in dollars.

7. Professional category: the job position held by the
employee, categorized based on their employment
status (A1, A2) and their level of responsibility within
the company. For employees A2, categories range
from supervisor, specialist, Industrial technical staff,
administrative staff, to operator. For employees Al,
categories range from director, manager, middle
manager, senior technical staff, technical staff, young
talent.

8. Career mobility: the number of times an employee
has changed positions or been promoted within the
company during their tenure. This includes the time
spent in each position, the number of promotions
received, and the number of times the employee has
changed roles within the company.

9. Team size: the number of direct reports or team
members that report to the employee.

10. Distance from home to work: the distance in
kilometers from the employee's home to the
workplace.

The control variables are those that are not directly
related to the research question but may have an impact
on the dependent variable. In this study we have identify
three control variables:

1. Society within the company: the specific society
where the employee is working. It is measured by a
categorical variable with six possible values (A, B, C, D,
E, F).

2. Business unit: the specific business unit or
department where the employee is working. It is
measured by a categorical variable with seven
possible values (Procurement, Sales, Technology,
Strategy, HR, Operations, Finance).

3. Personnel area: the personnel area where the
employee is classified. It is measured by a categorical
variable with two possible values (A1, A2).

We also have included demographic variables such as:

1. Gender: the biological sex of the employee, classified
as either male or female. This is a binary variable.

2. Age:the number of years the employee has lived since
birth. This is a continuous variable.
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3. Country: the country in which the employee is based,
classified as Mexico, Spain or USA. This is a
categorical variable.

4. Number of children: the total number of biological or
adopted children that the employee has. This is a
discrete variable.

All of the independent variables, including the variables of
control and the demographic variables, will be taken into
account when analyzing the relationship between
employee performance and the independent variables,
while controlling for the effects of demographic variables
and variables of control. Table 4.1, located in the
ap-pendix, provides a comprehensive overview of the
independent variables under investigation.

4.3. Studyapproach and
procedure

As previously stated in the chapter, the study was
conducted using Python within the Visual Studio
development environment. The data for the study was
obtained from the company's HR management tool,
which was down-loaded as five separate Excel files and
combined into a single dataset.

After configuring the necessary libraries for data analysis,
the dataset was cleaned by removing irrelevant col-umns
and handling missing values. Missing values were
evaluated for each variable, and if their proportion was
deemed significant, they were either removed or replaced
with a value of zero.

Exploratory data analysis was then conducted by creating
visualizations to gain insights into the behavior of the
variables. Numerical and categorical variables were
compared separately against the target variable.
Correla-tions between the target variable and numerical
and categorical variables were also examined.

Next, a regression model was created to predict employee
performance. Two methods were used for variable
selection: firstly, selecting variables with the highest
correlation, and secondly, manually selecting variables.
Line-ar and Lasso regressions were performed, and
one-hot encoding was used to handle categorical
variables. The proportion of variables to records was
evaluated and found to be valid at less than 10%. A
cross-validation pro-cess was then conducted to compare
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the model's metrics with other alternatives.

Finally, classification models were also used for analysis.
One-hot encoding was performed, and the performance
variable was discretized into high (1) and low (0)
categories. A random forest model was trained, and a
cross-validation process was conducted to compare the
model's with  other Feature
im-portance were also obtained and sorted in descending
order.

metrics alternatives.

This analysis was conducted for N = 907, and then
separately for N = 514 and N = 393, using the control
variable "Personal area" to divide the groups.

For the purposes of this study, we will henceforth refer to
the full sample of N=907 as Group A. Within Group A, we
have two subgroups: Group Al with N=393 and Group A2
with N=514. This designation will be used throughout the
analysis to clearly distinguish between the different
subgroups under examination.

©ADIC-IIC
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5. Dataanalysis and results

In this section, we start by describing the sample,
providing details on Group A (N=907) and each of its
subgroups (Al and A2). To gain a better understanding of
the relationship between the variables and performance,
we began by creating visual plots to identify trends.
Following this, we present the outcomes of our analysis,
which encom-passes correlation analysis, regression
analysis, and random forest analysis, aimed at testing our
hypothesis.

5.1. Sample characteristics

The total sample size for this study is N = 907, which is
divided into two subgroups Al (n = 393) and A2 (n = 514).
Most participants were from Mexico (A: 54%, Al: 58%, A2:
50%), followed by Spain (A: 44%, Al: 37%, A2: 50%) and a
small number from the USA (A: 2%, Al: 4%, A2: 0%).

In terms of gender, the sample was predominantly male
(A: 78%, Al: 58%, A2: 88%). A small proportion of
participants had completed the Manager Program (A: 3%,
Al: 15%, A2: 0%), while the majority had not (A: 97%, Al:
85%, A2: 0%). Similarly, a small proportion had completed
the Middle Manager Program (A: 6%, Al: 13%, A2: 0%),
while the majority had not (A: 94%, Al: 87%, A2: 0%).

Regarding the professional category, the largest group
was "Operator" (A: 36%, Al: 0%, A2: 63%), followed by
"Technical staff" (A: 24%, Al: 55%, A2: 0%) and "Middle
manager" (A: 9%, Al: 21%, A2: 0%). Other categories with
significant representation were "Industrial technical staff"
(A: 8%, Al: 0%, A2: 15%), "Supervisor" (A: 6%, Al: 0%, A2:
10%), "Senior technical staff" (A: 5%, Al: 12%, A2: 0%),
"Manager" (A: 4%, Al: 10%, A2: 0%), and "Specialist" (A:
4%, Al: 0%, A2: 8%). The remaining categories
("Administrative" and "Director") had lower
representation (A: 3%, Al: 2%, A2: 0% and A: 1%, Al: 2%,
A2: 0%, respectively).

Concerning age, Al was found to have a lower mean age of
43.65 years compared to A2's mean age of 47.22 years.
However, Al exhibited a higher standard deviation in age
(11.09 years) than A2 (9.30 years). Additionally, Al had a
shorter mean tenure of 13.66 years compared to A2's
longer mean tenure of 19.27 years.

In terms of direct collaborators, A1 had a higher mean
number of 2.64, while A2 had a significantly lower mean
number of 0.0058. Moreover, Al had a lower mean
performance score of 88.82, while A2 had a higher mean
performance score of 91.36.
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The mean time to change positions for Group A was 2.71
years, with a standard deviation of 3.12 years. The Al
subgroup had a lower mean time of 2.31 years and a
standard deviation of 2.89 years, whereas the A2 subgroup
had a higher mean time of 3.01 years and a standard
deviation of 3.25 years.

Regarding the distance to work, the mean for Group A was
27.06 kilometers, with a standard deviation of 69.73
kilometers. The Al subgroup had a higher mean distance
of 38.67 kilometers, with a standard deviation of 90.02
kilometers, while the A2 subgroup had a lower mean
distance of 18.18 kilometers, with a standard deviation of
47.04 kilometers.

The mean time in the current position for Group A was
52.68 months, with a standard deviation of 26.56 months.
The Al subgroup had a lower mean time of 47.43 months,
with a standard deviation of 27.59 months, whereas the A2
subgroup had a higher mean time of 56.69 months, with a
standard deviation of 25.03 months.

The mean hours of training for Group A was 0.81, with a
standard deviation of 3.73. The Al subgroup had a higher
mean of 1.64 hours, with a standard deviation of 5.51
hours, while the A2 subgroup had a lower mean of 0.18
hours,
Furthermore, the mean number of training courses for
Group A was 13.62, with a standard deviation of 14.51. The
Al subgroup had a slightly lower mean of 13.14, with a
standard deviation of 13.68, while the A2 subgroup had a
higher mean of 14.33, with a standard deviation of 15.43.

with a standard deviation of 0.73 hours.

Finally, regarding our target variable, the results for Group
A indicate that the mean performance number is 90.26
with a standard deviation of 17.48. These values suggest
that the performance variation within the group is
moderate. Further analysis of the subgroups, Al and A2,
reveals interesting differences.

For Al, the mean performance number is 88.82 with a
standard deviation of 25.91. The performance variation is
higher than that of the overall group. Additionally, the
minimum and maximum values are the same as those of
the overall group. This suggests that the subgroup has
lower performance than the overall group, with a higher
degree of variability.

In contrast, A2 has a higher mean performance number of
91.36 with a lower standard deviation of 4.87. The
performance variation within this subgroup is lower than
that of the overall group and Al. Additionally, the
minimum and maximum values of A2 are within the range
of the overall group. This suggests that the subgroup has
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higher performance than the overall group, with a lower
degree of variability.

In summary, Group A is primarily an aging,
male-dominated population with a high percentage of
operating personnel, limited movement within the
company, a flat management structure, and a long-term
commitment to the organization. However, comparing the
two subgroups within Group A highlights significant
differences. Al consists of a younger age group with a
wider range of ages, shorter tenure, and more direct
collaborators. A2, on the other hand, is an older age group
with a narrower age range, longer tenure, and fewer direct
collaborators. Notably, A2's mean performance score is
higher than Al, indicating that older employees may have
a higher level of performance. Furthermore, Al tends to
have a longer commute, less time to change positions, and
fewer hours of training and courses compared to A2, which
has a shorter commute, more time to change positions,
and more training hours and courses.

5.2. Examiningvariable trends

We have visually explored the relationships between the
independent variables and the performance variable
through the use of scatterplots and bar graphs. Our
analysis was conducted with great care to ensure that the
sample we used was representative, enabling us to draw
meaningful conclusions. Scatterplots were used for
continuous variables or those with a large number of data
points, while bar graphs were employed for categorical
variables or those with relatively fewer data points. The
graphics for each variable are included in the appendix,
from figures 5.1 to 5.12.

As for the results, we observed the following:

+  Employees who change positions at least once have
better performance.

«  Performance decreases at around 4.1 years and then
increases again.

+ Employees who get promoted have better
performance.
« Courses do not seem to have an impact on

performance. In fact, more courses seem to lead to
lower performance.

+  60% of individuals in Mexico have high performance,
while only 36% do in Spain. Mexico seems to have
higher performance overall.
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» Al has significantly higher performance scores than + In addition, some additional conclusions were found
A2, with a huge jump in scores from 96 to 110. This in subgroup Al:

group has high performance scores compared to A2. «  Fewer employees who are far from work have less

« Interms of professional category and its relationship performance than those who are close.
with performance, only 6% of operators have
excellent performance, which is generally low. Higher
positions such as managers and directors have better

«  Forlow and high performances, Spain and Mexico are
equal, but for average performance, there is a

significant imbalance.

performance.
« Managers and directors are either very good or very

«  Of the total number of people who telework, 56.5% bad, while technical staff are average

have high performance.
« No remarkable trends have been found when

*  Apparently, the closer an employee lives to their comparing the remaining variables with performance

workplace, the better their performance.

5.3. Correlation Analysis: Pearson's and Cramer's Methods

Figures 5.13 and 5.16 present the correlation coefficients between the independent variables (categorical and numerical) for
Group A. The correlation coefficients for the subgroups within Group A can be found in the appen-dix, specifically Figures
5.14,5.15,5.17 and 5.18.
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It's worth noting that in A2, two variables (Manager certain groups. However, some variables such as

Program and Middle Manager Program) were removed
from the analysis as potential independent variables due
to a lack of available data. This was done in order to adapt
the selection of independent variables to the specific
characteristics of this subgroup and ensure accurate and
mean-ingful results.

The results suggest that variables such as "Career mobility
" "Tenure", "Training", “Salary” and "Age" are posi-tively
correlated with performance across all groups. It also
appears that "Manager Program" and "Middle Man-ager
Program" may also be correlated with performance in

"Distance from home to work”, “Teleworking” and "Team
size” may not have a strong relationship with
perfor-mance.

In general, the correlations are not very strong, which
means that the variables are not highly related to each
other. However, some variables show moderate
correlation with performance, such as "Carer mobility"
and "Tenure". This suggests that seniority in the position
and time since the last position change may be related to

better performance.
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5.4. Hypothesis testing: regression analysis

In order to further investigate the relationship between
our independent variables and performance,
conducted both linear regression analysis and Lasso
regression analysis. Unfortunately, the results of both
analyses were not encouraging, as we were not able to
obtain significant coefficients for any of our independent
variables.

we

In fact, the coefficients we obtained were negative for all
three subgroups. For Group A, the values were -15.32 and
-0.64 in linear regression and -15.67 and -0.23 in Lasso
regression. These results are similar in the subgroups.

While it may appear that the included independent
variables are not good predictors of performance based
on these results, it's important to consider that the issue
may not lie with the variables themselves but rather with
the limitations of the methods used.

The moderate variation in performance, as demonstrated
by the standard deviation (std = 17.47), justifies the need
for more sophisticated analysis methods to predict this
variable. Linear regression and Lasso regression, while
useful for analyzing relationships between variables, may
not be optimal for predicting performance with such
moderate variation. Random forest models, with their
ability to capture complex relationships between
variables and account for non-linear effects, may provide
a more robust and accurate prediction of performance for
Group A and its subgroups. Therefore, we will explore the
use of random forest analysis in the next section to predict
performance and determine the key factors that
contribute to its variability.

5.5. Hypothesis testing: random forest analysis

In this section, we used a series of steps to prepare our
data and train a random forest classifier. First, we used
one-hot encoding to transform our categorical variables
into binary features. Then, discretized the
"performance” variable into two categories: high
performance and low performance based on a threshold
value of 95. Next, we split our data into predictor variables
(X) and target variable (y), and trained a random forest
classifier with 100 estimators using the Scikit-Learn
library. Finally, we used k-fold cross-validation to evaluate
the performance of the model and compared it with other
alternatives by calculating the F1 score. The F1 score is a
measure of the classifier's accuracy that considers both
the precision and recall of the model. Overall, these steps
allowed us to build a powerful machine learning model to
predict the performance of our target variable based on
the selected predictor variables.

we

Based on the results of the random forest analysis, the
model's overall performance on the entire dataset was
moderate, with an Fl-score of 0.54, indicating that the
model has limited predictive power. However, when we
consider the subgroups, the results reveal interesting
variations. The Al subgroup had the highest performance,
with an F1-score of 0.73, while the A2 subgroup had the
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lowest performance, with an Fl-score of 0.29. These
findings indicate that the model has a better ability to
predict high performance for Group Al, while it is less
effective for Group A2. These insights can be valuable in
identifying the factors that contribute to high
performance in each subgroup and enhancing their
performance accordingly.

The F1-scores highlight that the model may have different
predictive capabilities for A1 and A2, indicating the need
for further exploration to comprehend the underlying
factors contributing to these discrepancies. The findings
suggest that the random forest model is a promising
approach to predicting performance in this dataset, and
additional investigations are necessary to uncover its full
potential.
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(Group A) (top 10) (Group A1) (top 10) Group A2) (top 10)
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salary_usd 0.12 salary_usd
T _hours 0.10 tenure
age 0.09 T_hours
T_courses 0.09 age
tenure 0.09 T_courses
commute_distance . o
(k) 0.05 CM_time_position_(mos.)
team_size 0.05 team_size
T_different_courses 0.05 commute_distance_(km.)
CM_tim;;ijsition_( 0.05 T_different_courses
CM_time_mobility_ 0.03 middle_program

(yrs.)

0.10 0.14
0.09 salary_usd 0.12
0.08 T_courses 0.11
0.06 tenure 0.11
0.06 T_hours 0.11
0.06 T_different_courses 0.07
0.05 commute_distance_(km.) 0.06
0.05 CM_time_mobility_(yrs.) 0.04
0.04 CM_time_position_(mos.) 0.04
0.03 children 0.01

Table 5.2 Random Forest Results: Group A and Subgroups Comparison.Source: own elaboration by using Python

The feature importance results obtained from the random
forest analysis provide insights into the factors that are
most strongly associated with employee performance in
each subgroup. In Group A, the most important factor is
“salary” with a relatively high feature importance score
(0.12). This suggests that higher salaries tend to be
associated with better performance. Other important
predictors include “training” (T_hours, T_courses) (0.10,
0.09) and “age” (0.09).
employees who have more experience and engage in
continuous learning through courses tend to exhibit
better performance.

These variables indicate that

Additional factors such as tenure (0.09), distance to work
(0.05), and team size (0.05) also contribute to performance
prediction, albeit to a slightly lesser extent. These findings
suggest that employees with longer tenure, shorter
commuting distances, larger
collaborators may demonstrate better performance.

and a network of

Upon examining the predictor importance in Al and A2, it
appears that there are no significant differences between
the two subgroups. The variables that strongly influence
performance in Group A are consistent across both
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groups. This suggests that these predictors have a
significant impact on performance regardless of the
subgroup.

The similarities in predictor importance between Al and
A2 indicate that implementing HR strategies focused on
these common factors could benefit both subgroups. By
emphasizing areas such as salary adjustments, career
development opportunities, and training programs, the
company can create an environment conducive to
improved performance for employees.

Finally, these results demonstrate the usefulness of the
Random Forest technique in identifying important factors
for job success in different employee groups. Combining
the feature importance information with cross-validation
results can provide a more complete understanding of the
factors contributing to employee performance.
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6.  Summary and conclusions

The following section begins with a summary discussion of
the key results of this study. The last section refers to the
limitations of the study, and the research areas that can be
explored in future research.

6.1. Discussion of results

The findings from the feature importance analysis shed
light on the potential factors that can influence employee
performance. The results suggest that variables with
higher importance in the model are positively related to
employees' performance, supporting the idea that these
characteristics can enhance employee performance.
However, it is important to note that correlation does not
necessarily imply causation, and further investigation is
necessary to establish the true relationship between these
variables.

Regarding H1, the analysis has shown that "training" has
emerged as a significant predictor for job performance in
the studied group. This finding aligns with previous
research, particularly in the field of the chemical industry,
where training and skill development have been found to
have a positive impact on employee performance (Akter,
2016; Al Karim, 2019).

However, the "Middle Manager Program" and "Manager
Program" did not emerge as significant predictors of
performance in this analysis. This could be attributed to
the fact that these programs are specifically implemented
for employees identified as high potential or possessing
special skills. As these programs may target a selective
subset of employees, their limited influence on the
analyzed dataset may explain their lack of significance as
predictors in this study.

Regarding telecommuting/teleworking, although it was
not identified as a significant predictor of performance in
this particular sample, it is important to note that the
sample size may have been insufficient to fully evaluate its
impact. Telecommuting has been the subject of numerous
studies highlighting both its benefits and challenges in
terms of productivity and job performance. However,
compared to the total sample and considering the studied
groups, the percentage analyzed may have been small,
limiting the ability to draw definitive conclusions about its
relationship with performance in this specific study.
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In relation to H2, the analysis revealed that "tenure"
emerged as one of the most influential factors in
predicting employee performance, along with "salary"
and "team size." Additionally, "career mobility" was found
to have a significant impact. However, while these
variables do contribute to employee performance, their
effects may not be as pronounced as those of other factors
included in the model.

Conversely, the variable "professional category" did not
emerge as a significant predictor of employee
performance. This lack of significance suggests that other
variables may have a stronger influence on performance

than the professional category alone.
As for H3, "distance from home to work" was found to be

an important factor overall, suggesting that the proximity
of employees' residences to their workplaces significantly
influences their performance.

Finally, the results provided partial support for H4, as
"personnel area", “business unit” and "society" did not
emerge as top factors in any group, indicating that their
influence on performance may be limited.

Overall, results provide empirical support for the notion
that employee development programs and flexible work
arrangements can enhance performance. However, it is
important to acknowledge that this approach is not
exhaustive. The model's inability to predict all aspects of
performance may be due to its focus on organizational
rather than individual characteristics. Future research
could explore thisissue in greater depth. Furthermore, our
study highlights the importance of using sophisticated
analytical techniques, particularly when dealing with
low-variability variables such as "performance".

Turning to the question of why model Al outperforms
model A2 in terms of prediction accuracy within a random
forest framework, despite both models employing the
same predictor variables, several factors come into play. It
is plausible that there are unobserved or unmeasured
variables that have varying impacts on performance
outcomes across the two groups. These hidden factors,
including individual motivations, personal circumstances,
and team dynamics, could contribute to the divergence in
predictive accuracy between Al and A2, despite sharing
the same set of predictors.
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Additionally, the discrepancy may be attributed to the
sample size differences between Al and A2. With A1 having
the populations
represented are likely to be significantly distinct, resulting
in greater differentiation and potentially enhancing
prediction accuracy. Conversely, in A2, despite having a
larger sample, the population may exhibit greater
homogeneity, posing challenges for accurate prediction.

a considerably smaller sample,

6.2. Limitations of the study

As with any research study, there are limitations and
assumptions that
interpreting the results. One limitation of this study is that
we have assumed that employee performance is
accurately evaluated in the company, but this may not
necessarily be the case. Although measures have been
taken to ensure that performance is evaluated fairly, such
as constructing it using the average scores of employees
over the past three years, no performance evaluation
model is perfect, as managers may have biases or may
manipulate scores to favor certain outcomes, given that
performance is often tied to incentives. This issue has
been documented in prior research, highlighting the need
for caution when interpreting performance data (e.g.,
Javidmehr & Ebrahimpour, 2015; Prendergast & Topel,
1993). Therefore, future studies could benefit from
examining the validity and reliability of performance
measures across different organizations and contexts.

need to be considered when

Another potential limitation of this study is that the
variables used were obtained from the organization's
system, and it is possible that some variables that affect
performance may not have been included. Additionally,
the study assumes that the variables included in the
analysis have a linear relationship with the company's
performance.

Additionally, the study is based on cross-sectional data,
which limits the ability to make causal inferences. While
the study identifies significant associations between the
variables, it is not possible to establish a cause-and-effect
relationship. Future studies could employ longitudinal
data to establish causality.

Overall, while this study provides valuable insights into
the factors that impact employee performance in a
multinational chemical company, caution should be
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exercised in generalizing the findings and interpreting the
results.

6.3. Future research directions

This study has shed light on the factors that can predict
employee performance in a multinational chemical
company. However, there are still areas that warrant
further investigation. Specifically, while our findings
suggest that machine learning models may outperform
traditional statistical methods in predicting employee
performance, additional research is needed to confirm
this claim. In particular, it would be worthwhile to explore
whether variables with low variance are better predicted
using machine learning models compared to traditional
methods such as regression.

Another potential avenue for future research is to examine
the relationship between employee performance and
other factors such as job satisfaction and engagement.
While our study focused primarily on demographic and
work arrangement factors, there may be other factors that
have a significant impact on employee performance that
were not explored here.

Finally, it would be beneficial to replicate this study in
other industries to determine if the findings are consistent
across different contexts. Additionally, conducting
longitudinal studies would provide insight into how these
factors influence employee performance over time.

In summary, this study opens up new areas of inquiry into
the predictors of employee performance in a
multinational chemical company. Further research in
these areas could provide valuable insights for
practitioners looking to
management strategies.

workforce

improve their
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8. Appendix: additional tables and figures

Variable MOTIVATIONS FOR INCLUSION IN THE STUDY

Tenure in the company has been previously investigated in relation to employee performance (Ng & Feldman, 2013; McDaniel et al., 1998; Schmidt et al., 1986). According to
Schmidt et al. (1986), seniority in the company may be positively related to performance as employees with more time in the company may have a better understanding of
processes and greater loyalty to the organization. However, Medoff and Abraham (1980) suggest that the relationship between seniority and performance may be more complex

tenure

as employees with very long seniority may lose motivation and productivity.

. Some studies suggest that professional category is related to job performance (McDaniel et al., 1998; Tubre & Collins, 2000). Specifically, it has been found that employees with a
professional category

higher professional category tend to have better job performance than those with a lower category.

Previous studies suggest that employee training is positively related to job performance in the highly specialized chemical industry (Al Karim, 2019; Kariuki & Murimi, 2015).
training Schmidt (2007) found that training is related with job performance and job satisfaction, as well as their motivation and commitment to the organization. Al Karim (2019) argue that
training is essential to improving employee performance, especially in complex jobs that require technical skills and decision-making abilities.

While there are no studies indicating a direct relationship between the number of employees reporting to a manager and employee performance, research suggests that team size
team size can impact job satisfaction and perception of the work environment. Griffin et al.'s 2001 study found that managers with larger teams reported lower levels of job satisfaction,
while Liang et al.'s 2008 study suggested that team size can impact perceptions of the work environment, which in turn may affect team performance.

The length of time in a position may be related to the acquisition of specific skills and knowledge needed to perform a job successfully. Furthermore, McEnrue (1988) study found
career mobility that the average length of a job position can impact employee performance as it may influence their level of experience and knowledge in their area of work. Therefore, the
amount of time employees take to switch positions within the same company could be related to their job performance.

Limited and contradictory evidence exists regarding the relationship between home-to-work distance and employee performance. Spies (2006) found that greater distance
negatively affected job satisfaction. Similarly, Amponsah-Tawiah, et al. (2016) observed a relationship between home-to-work distance, job satisfaction, and employee retention.

distance from home to

work

However, these studies primarily focus on the impact on job satisfaction and retention rather than direct employee performance.

There are studies that have found a relationship between salary and employee performance. For example, a study by Singh et al. (2017) found that financial and non-financial
salary incentives have a strong influence on the respondents’ performance. Additionally, a study by Livingstone et al. in 1995 found that the perception of salary equity was related to job

satisfaction and commitment.

Telecommuting has been studied in relation to job performance in several research works (Allen et al., 2015; Suryadi et al., 2022). According to Suryadi et al. (2022), telecommuting
teleworking can enhance employees' job performance as it enables them to work in a more comfortable and distraction-free environment, which can increase their motivation and
productivity. Additionally, telecommuting can allow for greater flexibility in work schedules and reduce stress associated with daily commuting.

Manager Program &
For example, Santos et al. (2015) notes that leadership training can improve managers' ability to motivate and direct their employees, which in turn can lead to greater

Middle Manager
Program productivity and performance. In addition, Alexander et al. (1992) found that managers who have better communication and teamwork skills had more productive teams.
Table 4.1 Independent variables. Source: own elaboration
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