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Abstract
Energetic Intelligence is a newly defined construct recently validated that offers a thorough understanding of human intel-
ligence by integrating, emotional, spiritual, and physical dimensions. This study applies a data-driven approach to predict
Energetic Intelligence. Our research goal lies in the application of machine learning techniques to model and predict Energetic
Intelligence using data commonly gathered in organizational contexts. We collected responses through structured surveys
and employed a range of supervised learning algorithms to build predictive models. Model performance was evaluated using
standard metrics, with the best results reaching an R2 of 0.73 through optimized and simplified models, which is a promising
outcome for a psychologically grounded prediction task. Key predictors included variables such as Flow, Flourishing, and
Emotional Vitality, which consistently emerged as relevant features in model training. These findings demonstrate the poten-
tial of machine learning to support psychological research and offer practical tools for the assessment and development of
Energetic Intelligence in applied settings. Our work points out the value of integrating AI methodologies with psychological
theory to enable data-driven insights into human potential and well-being.
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1 Introduction

Human intelligence is a key aspect of knowledge that has
intrigued people throughout history because it is the most
distinctive feature of humans. While traditional approaches
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have explored its philosophical and psychological dimen-
sions, recent advances in data science offer powerful new
tools to analyse and predict cognitive and behavioural pat-
terns with greater precision. The integration of data-driven
methods allows researchers to move beyond theoretical con-
structs and toward measurable, actionable perceptions. In
recent years, the rise of data science has revolutionized
the way we study and interpret intelligence, transforming
it into a domain that can be better quantified, modelled,
and optimized. By leveraging large datasets, machine learn-
ing algorithms, and computational models, researchers can
reveal patterns in cognitive performance, simulate aspects
of intelligent behaviour, and develop predictive tools with
practical applications. This data-driven approach is critical in
addressingmodern challenges such as climate change, global
conflict, and the ethical deployment of Artificial Intelligence
(AI). Understanding intelligence through the lens of data sci-
ence enables not just theoretical insight but also actionable
solutions that enhance human adaptability,mental health, and
societal resilience.

Energetic Intelligence [1] (hereinafter, EngI) is inspired
by various existing intelligencemodels, highlighting a funda-
mental element, energy, which, although it has been present
in the study of this construct since the beginnings of its sci-
entific study, had not been sufficiently highlighted. EngI also
proposes an integrative framework, incorporating linguistic,
thought, emotional, spiritual, bodily, and movement aspects
of human behaviour, offering a perspective that connects and
expands previous approaches. Below is an analysis of its
evolution as a construct, as well as theories and research that
support this perspective.

The study of intelligence has evolved significantly
throughout history. The earliest signs date back 2.5 million
years to a group of Australopithecus [2]. The author notes
the emergence of several species of the genus Homo, which
were characterised by larger brain and tool use, resulting in
great evolutionary flexibility. These species controlled fire,
cared for each other, and were successful hunters, but their
social structure was very rigid, leading to their extinction.
Only the African branch (sapiens) has survived through us
and has inhabited the Earth for over 20,000 years. This ability
to think is the first evidence of intelligence in our ancestors.

In ancient times, 2500 years ago, philosophers like Aris-
totle reflected on the nature of intelligence, viewing it as a
unique human ability.Aristotle defines thepsyche as the «first
entelechy of an organised natural body», the principle of life
and the realisation of potential. This Aristotelian interpreta-
tion of the soul forms the theoretical basis of our EngI, since
psychology should address not only behaviour but also the
essence of the human being [1]. Plato, considered the origin
of rational psychology, divides the soul into three parts: ratio-
nal (immortal, in the brain), irascible (mortal, in the thorax),
and concupiscent (mortal, in the abdomen) [3].

Etymologically, intelligence comes from the Latin words
“inter”, meaning “between”, and “legere”, meaning “to
choose”. Therefore, intelligence relates to the human abil-
ity to “choose between”, to exercise one’s freedom and free
will, which is themost notable trait that distinguishes humans
from other living beings [1].

With the emergence of psychology as a science during the
nineteenth century, intelligence became one of themost stud-
ied constructs in psychology, and researchers sought ways
to define and measure it. Among them, many emphasise its
energetic nature. Johann F. Herbart states that ideas are like
atoms with energy and consciousness and can attract or repel
other ideas based on their compatibility [4]. William James
highlights the importance of the total available energy for ini-
tiating mental and moral operations, noting how each person
recognises the difference between days when energy flow is
high and when it is low [5]. Today, data science offers pow-
erful tools to quantify these once-abstract notions. And it
enables researchers to analyse cognitive patterns and mental
processes through empirical data and computational tech-
niques.

In 1904, one of the key figures in the construct, Spearman,
defined the g factor of General Intelligence as mental energy
[6, 7]. In 1905, Binet and Simon developed the first intelli-
gence test [8], pioneering a design for testing that has been
refined to this day. David Wechsler introduced ‘purpose’ as
part of the components of intelligence, defining it as the set of
activities to act with purpose, think rationally, and effectively
deal with the environment [9, 10], creating two instruments
for its measurement, one for adults and another for children.

At the end of the twentieth century, there is a significant
expansion in the definition of intelligence. In addition to the
previously mentioned theories that focus on cognitive and
energetic aspects, new theories highlight various skills and
abilities, as well as emotional and spiritual aspects of being
human. This view of intelligence aligns with trends in data
science, where emotional intelligence is increasingly valued.
It helps data scientists interpret human behaviour and collab-
orate effectively in order to enhance both analysis and impact
[11].

Anderson [12] developed the ACT-Rmodel, which stands
for Adaptive Control of Thought-Rational. In this model, W
is a constant divided by all the elements a person focuses on
while performing a task. The “attentional energy” parame-
ter, or resource activation (W), affects how accurately and
quickly even simple tasks are completed.

In the same decade, many authors have explored a broader
view of intelligence. Howard Gardner proposed the The-
ory of Multiple Intelligences [13]. He argued that intelligent
behaviour does not come from a single quality of the mind
but from different types of intelligences based on separate
reserves ofmental energy. Each of these reserves allows indi-
viduals to solve problems and create valuable products in
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one or more cultural contexts. Gardner identifies eight intel-
ligences: (1) linguistic, (2) logical-mathematical, (3) spatial,
(4) Body and Movement, (5) musical, (6) interpersonal, (7)
intrapersonal, and 8) naturalistic.

In 1985, Reuven Bar-On developed the EQ-i: Bar-On
Emotional Quotient Inventory as part of his doctoral thesis to
measure social and emotional competencies.Mayer, Salovey,
and Caruso created the Mayer-Salovey-Caruso Emotional
Intelligence Test (MSCEIT), which evaluates four com-
ponents of Emotional Intelligence: the ability to perceive,
understand, manage, and use emotions for adaptive and cre-
ative thinking. Later, in 1997, Danah Zohar introduced the
concept of Spiritual Intelligence with Marshall [14]. They
define it as the ability to solve problems, find meaning, and
express values [15]. Zohar sees Spiritual Intelligence as an
aspect of intelligence that focuses on conscious meaning
and purpose, beyond traditional IQ and various notions of
Emotional Intelligence. In this context, Robert A. Emmons
defines Spiritual Intelligence as the ability to use spiri-
tual information adaptively to solve everyday problems and
achieve goals. He states that Spiritual Intelligence makes
individuals aware of transcendent reality and allows them to
seek unity and reach their full potential [16]. EngI includes
Zohar’s Spiritual Intelligence as one of the five factors that
comprise it.

Additionally, Gardner added the ninth intelligence, Exis-
tential Intelligence, to his list in 1998 and 1999. He defines
Existential Intelligence as the cognitive capacity to raise and
ponder “big questions” (i.e., queries about love, about evil,
about life and death) about the nature and quality of exis-
tence”.

Robert J. Sternberg developed the Triarchic Theory of
Human Intelligence, which states that intelligent behaviour
comes from a balance of analytical, creative, and practical
skills. His Triarchic Model of Intelligence [17, 18] focuses
on how intelligence is directed (cognitive style) rather than
how much intelligence a person has (cognitive ability) [19].
In 1986, he noted that some definitions of intelligence distin-
guish between two types: capacities, like speed and mental
energy, and dispositions, such as being self-critical. Along
with Yang [20], he reviewed Chinese philosophical views
on intelligence and concluded that the Confucian perspec-
tive emphasizes benevolence and doing what is right. An
intelligent person puts in effort to learn, enjoys learning, and
persists in lifelong learning with enthusiasm. A key feature
of this theory is adaptability, bothwithin the individual and in
the sociocultural context [21]. Sternberg emphasised that the
same information processing components are involved in all
types of skills; what differs is how they are applied. He high-
lights a fourth type of thinking,Wise Thinking, which relates
to a person’s ability to contribute to the common good, both
short-term and long-term. In 2002, he suggested it might
be time to expand the conventional idea of intelligence to

include not just memory and analytical skills, but also cre-
ative and practical skills. In 2018, he pointed out that a higher
IQ is not always relevant for solving today’s world problems.
He presented a model of limited resources as a complement
to the Theory of Successful Intelligence, emphasising the
importance of social (1), especially creative (2), and prac-
tical (3) skills based on wisdom, compared to analytical
skills (4). He defines Successful Intelligence as the ability
to formulate, implement, evaluate, and, if necessary, refor-
mulate life plans. This definition includes creative, analytical,
and practical thinking, along with wisdom [18]. For Stern-
berg, intelligence is: (1) the ability to achieve one’s goals in
life, given each person’s sociocultural context; (2) leveraging
strengths and correcting or compensating for weaknesses;
(3) adapting, shaping, and selecting environments; and (4)
using a combination of analytical, creative, and practical
skills, later adding identifying skills. All these contributions
reflect a strong movement that advocates for the inclusion
of uniquely human aspects related to the exercise of free-
dom to choose, the transitive and spiritual dimensions of
intelligence, as well as the meaning of life and the purpose
of existence, which Wechsler had already addressed in the
mid-twentieth century but which, until the beginning of this
twenty-first century, had not been sufficiently considered.

Recently, Pérez-Moreiras [1] integrated all these soft
conceptions of intelligence (complementary to IQ) and for-
mulated EngI as the ability to identify the energies within
and outside oneself, distinguish between them, and use that
information to achieve personal and collective goals aligned
with one’s Purpose of Life. It differs from immediate mood,
as it represents a dynamic ability that can be improved rather
than a temporary emotional state. The model (see Fig. 1) is
based on the universal principle that everything that exists is
information, energy and matter. This model is the result of
an optimal experience [22] to serve as a graphic guide for the
development and study of the construct.

EngI builds upon principles that have been refined in
recent years into the The theory of Unified Energetic Intelli-
gence in development. The theoretical basis rests on the idea
that everything has a purpose in itself [23] and that energy and
matter are interdependent, transforming without being cre-
ated or destroyed [24]. Information is also a physical reality,
not merely an abstraction.

Human beings are understood as informed energy in
motionwith purpose. They can perceive,manage and channel
energy, matter and information towards personal and col-
lective goals, using free will. Human life is systemic and
energetic, manifested through linguistic, emotional, bodily
and spiritual domains. Environmental energy also influences
behaviour. Levels of consciousness range from unconscious
to expanded, with pathological altered states as exceptions.
Developing awareness of these energies and their effects

123



   39 Page 4 of 19 International Journal of Data Science and Analytics            (2026) 22:39 

Fig. 1 Representationof the expandedmodelwhich includesCoachState, FiveRhythms, FamilySystemicConfigurations,Dispositions toMovement
and Model Skills [1]

constitutes Energetic Intelligence, which enhances human
capacity and purpose [1].

To psychometrically operationalise the construct, five
initial factors were chosen (see Fig. 2): four intelligences
(Body andMovement, Emotional, Linguistic and Transitive-
Spiritual) and a fifth factor called Energetic Awareness. The
analysis results revealed a correlation between EngI, Flow,
Flourishing, Self-Efficacy, Self-Esteem, and most personal-
ity traits according to the Big Five Model. While certain
components align with established constructs, EngI inte-
grates these within a unified framework centred on the
conscious management of informed energy. This integra-
tion extends beyond traditional psychological domains by
incorporating the unitary energetic dimension of human
functioning and all existence, the result of three fundamental
components: information, energy and matter.

Psychometric validation has identified five second-order
factors that structure EngI. The first, Body and Movement
Intelligence, refers to the ability to recognise and construc-
tively use bodily information and movement, with studies

showing strong links between energy, physical activity, well-
being and self-esteem. The second, Emotional Intelligence,
concerns the recognition and use of emotions for individ-
ual and collective goals, as emotion mobilises vital energy
for action and creativity while influencing mental health
and resilience. The third, Linguistic Intelligence, highlights
the role of language and thought in shaping reality, solv-
ing problems and fostering well-being, in line with research
on language as central to cognition, identity and framing
processes. The fourth, Transitive and Spiritual Intelligence,
reflects the ability tofindmeaning and life purposewhile tran-
scending the self to serve the greater good, associated with
vitality, optimism and commitment. Finally, Energy Aware-
ness refers to awareness of one’s energetic dimension, the
capacity to regulate it and to create clean energetic envi-
ronments, with evidence that high levels of energy foster
productivity, creativity and optimal experience.

Furthermore, this proposed intelligence find resonance
with, and also offer expansions to, established psycholog-
ical theories. For instance, the Body and Movement and
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Fig. 2 Model of the validated EngI [1]

Linguistic Intelligences described here align with Howard
Gardner’s theory of multiple intelligences [13], but they
introduce subtle emphases: Body andMovement Intelligence
highlights the conscious processing of information from
one’s own and others’ bodies, and Linguistic Intelligence
underscores a transformative capacity to “shape realities”.
Similarly, Emotional Intelligence incorporates core compo-
nents of Daniel Goleman’s model of Emotional Intelligence,
such as self-awareness and empathy in recognizing andman-
aging emotions in oneself and others [25], while distinctively
integrating an energetic dimension. Aspects of Transitive-
Spiritual Intelligence and Energetic Awareness also touch
upon Gardner’s intrapersonal and existential intelligences
[13] and can be seen as both contributing to and being
enhanced by Emotional Intelligence’s components of self-
awareness and self-regulation [25].

Moreover, Transitive-Spiritual Intelligence builds upon
concepts akin to Danah Zohar’s Spiritual Intelligence, which
emphasizes meaning, vision, and values [26]. However, it
distinguishes itself by focusing on the dynamic fluidity and
movement between ego-based and transcendent states of con-
sciousness as a key operational aspect of applying spiritual
insight. Energetic Awareness, whilemore specific in its focus
on subtle energy fields than the broader scope of Spiritual
Intelligence, could offer an experiential pathway to some of
Spiritual Intelligence’s underlying themes, such as intercon-
nectedness or the “intelligence of the soul”.

EngI is a unified integrative framework focused on the
conscious management of informed energy. This integration
transcends traditional psychological domains by incorporat-
ing the unitary energetic dimension of human functioning
and existence as a result of information, energy, and mat-
ter. In today’s complex world, being energetically intelligent
becomes important, vital, and a priority in all social areas
(biological, ecological, economic, educational, business,
political, family, etc.). EngI provides a holistic view con-
nected to life purpose [9, 10] and the energetic nature of
human beings, which, as shown earlier, was already hinted
at by early intelligence researchers in the early twentieth cen-
tury [6, 7] but had not been clearly formulated in an evident,
additional, and integrative way until now. This additive view
of the soft factors of intelligence brings order and coherence
to human behaviour, which is inherently unified. The only
place where peace must be ensured to preserve it globally
is within each human being. In light of the significant chal-
lenges humanity is experiencing, it is especially important to
help people: (1) identify, become more aware, and be more
competent in using the energy within and around them; (2)
learn to regulate it; (3) choose how and where to invest it; (4)
experience flow states in adversity; and (5) identify their life
purpose that gives meaning to their existence, regardless of
the external circumstances they face.

Despite psychologists’ efforts to enhance their question-
naires and approaches, implementing these improvements in
real life remains challenging due to the complexity of human
behaviour, participant engagement or even time constraints.
In this context, AI serves as a valuable tool for psycholo-
gists, helping to address these challenges effectively [27].
Utilizing advanced algorithms and data analysis features,
AI can enhance this process. Additionally, AI can assist in
analysing large datasets, identifying patterns and insights
that may not be readily apparent through traditional meth-
ods [28]. Besides, this technology can enhance participant
engagement by offering interactive and user-friendly inter-
faces, which may result in more precise and significant data
collection. Furthermore, through data analysis and machine
learning methods, we can expedite various processes and
enhance efficiency by learning from user features. By iden-
tifying specific patterns in user behaviour, these methods
enable us to skip certain steps in assessments or interven-
tions when users exhibit particular characteristics [29]. This
predictive ability enables a more customised model, as it can
foresee needs and reactions based on specified characteris-
tics [30]. In doing so, we can enhance the experience for both
psychologists and participants.

In this work, we aim to analyse the data collected and
develop an AI model that can predict an individual’s EngI
based on factors commonly measured in companies. This
prediction is made without prior measurements of EngI
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or its components, providing information about the indi-
vidual’s current energetic state and helping them achieve
greater well-being in their life.While EngI is a relatively new
and lesser-known psychological variable, our study takes a
Computer Science approach to investigate its predictability
through data analysis. By optimising algorithms for extract-
ing related variables from psychological questionnaires, we
aim to contribute to the understanding of this emerging trait.
Our focus on the computational aspects of EngI prediction
is driven by the potential of data-driven insights to enhance
psychological research. This approach allows us to explore
the capabilities ofmachine learning and genetic algorithms in
predicting EngI, with the goal of providing a foundation for
further research in this area. The final goal of this paper is an
artificial intelligence tool whose use must be guided by ethi-
cal considerations to prevent potential misuse. Therefore, the
responsible interpretation of these assessments requires care-
ful oversight. They should not serve as definitive judgments
but as supportive tools that complement human expertise.

Before introducing the methodology, we would like
to make a brief clarification. In the field of psychology,
many variables are latent, meaning they cannot be directly
observed, and are therefore referred to as constructs. As
a result, these constructs are typically measured indirectly
using questionnaires or other assessment tools. This impor-
tant distinction allows us to distinguish betweenmore general
psychological variables and specific personality factors.

The following sections of this paper are arranged as indi-
cated follows. In Sect. 2, we provide an in-depth description
of the proposed methodology. It discusses the specific instru-
ments, participants, machine learning techniques, measures,
and metrics utilised in the research. Subsequently, Sect. 3
details the experiments, their setup, and procedures. The
experimental outcomes are presented in Sect. 4. Conclud-
ing the research, Sect. 5 defines the drawn conclusions and
future work.

2 Methodology

The current section introduces the proposed methodology. It
goes through data analysis to eventually develop forecasting
models to predict our target variable, Total EngI. It can be
seen in the following flowchart (see Fig. 3), which outlines
the key steps of the process.

The initial phase of our methodology involved data col-
lection. Raw data were gathered through questionnaires
administered to a diverse group of individual workers who
are international Spanish speakers. This approach was cho-
sen to ensure a comprehensive dataset reflecting a variety
of perspectives and experiences. Following collection, the
data went through a preprocessing and transformation stage.
This involved a three-step process: first, cleaning the data to

address any inconsistencies or errors; second, transforming
variables as needed to suit analytical requirements; and third,
formatting the data to ensure it was in a suitable structure for
subsequent analysis.

Once the data were prepared, exploratory data analy-
sis was conducted. This step involved performing statistical
analyses and examining correlations within the dataset to
uncover initial patterns, relationships, and insights. The find-
ings from the exploratory analysis served as a guide for the
subsequent model development phase.

The core of our methodology then moved into an itera-
tive model building phase, designed to develop forecasting
models for our target variable, Total EngI. This phase was
characterized by the exploration of several distinct fore-
casting strategies. For each selected strategy, a model was
developed and then evaluated. The process finishes after
a certain number of iterations. If not, the process could
loop back to refine the current strategy for a new itera-
tion of model building and evaluation. We followed several
strategies within this framework. A direct strategy, which
focused on straightforward predictions. A stratified approach
was employed, aiming to improve model performance. An
oversampled approach was also implemented independently
to address any class imbalances and assess its impact on
effective model training. Furthermore, a personal variables
approach was adopted, in which we incorporate additional
personal variables to check potential enhancements to pre-
dictive capabilities. Finally, a genetic algorithm for feature
selection was applied. Our aim was to develop a simplified
model that utilised fewer variables while still maintaining
good predictive performance.

2.1 Instruments

The study’s instruments are detailed below. The follow-
ing scales and subscales serve as predictor variables. The
selected variables used in the prediction model were derived
from completely different questionnaires, which assess dis-
tinct aspects of human psychology. Our analysis confirmed
that the variables do not have a strong pairwise relationship,
which supports the use of prediction models in this context.
The lack of relationship between the variables implies that
the models are not simply simplifying or replicating exist-
ing relationships, but rather identifying complex patterns that
provide non-trivial insights.

TheGeneral Self-EfficacyScale [31], now inSpanish [32],
uses a four-point response scale, where 1 represents strong
disagreement and indicates a complete lack of agreement,
and 4 signifies total agreement. The belief in one’s ability
to handle daily life stressors is quantified as General Self-
Efficacy. The internal consistency coefficient, α, was 0.87.

Some authors [33] have adapted the Psychological Well-
Being Scale [34, 35] for use with Spanish-speaking workers.
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Fig. 3 Methodology overview

The scale comprises 5 items (α � 0.87),with 7 response alter-
natives ranging from Strongly disagree (1) to Strongly agree
(7). The internal consistency of thismeasure is strong, as indi-
cated by a Cronbach’s alpha coefficient of 0.88. This scale
measures an individual’s psychological well-being in rela-
tion to flourishing or personal growth, encompassing feelings
of happiness and well-being. The correlation between these
results and other scales of psychological well-being and feel-
ings is strong, as suggested in [35].

The Short Dispositional Flow Scale [36] was translated
into Spanish [37] using a sample of Spanish athletes.With aα

coefficient of 0.80 for the nine-item scale. This scale employs
a Likert-type response format with five options ranging from
‘I never experience these sensations’ to ‘I always experience
these sensations.

The adapted Spanish version of the Rosenberg Self-
Esteem Scale [38] consists of 10 items evaluated using a
four-point Likert scale, ranging from 1 (disagree strongly) to
4 (agree strongly). Five itemswerewritten positively and five
negatively. With an α of 0.86. For example, ‘I can perform
tasks like most people’.

According to [39], a Spanish version of the Satisfaction
with Life Scale was adopted. This scale, with a coefficient
of 0.84, consists of 5 items. The response format utilizes a
5-point Likert scale, ranging from 1 (strongly disagree) to 5
(strongly agree).

Pérez-Moreiras’s EngI Inventory (ENII-33) evaluates
individuals’ capacity to differentiate and use the energy they
perceive within and outside themselves to reach personal
and group objectives according Life Purpose [1]. This sur-
vey consists of 33 questions, each presented with a five-point
Likert scale ranging from strongly disagree to strongly agree.

Cronbach’s α values for each factor are (f1) Bodily &Move-
ment Intelligence (α � 0.84); (f2) Emotional Intelligence
(α � 0.86); (f3) Linguistic Intelligence (α � 0.86); (f4)
Transitive-Spiritual Intelligence (α � 0.90); and (f5) Ener-
getic Awareness (α � 0.91).

The Overall Personality Assessment Scale [40] is a 42-
item test based on the Big Five personality model, using
a five-point scale from 1 (completely disagree) to 5 (com-
pletely agree). It includes five factors: Extraversion (7 items,
α � 0.86), Emotional Stability (7 items, α � 0.86), Consci-
entiousness (7 items, α � 0.77), Agreeableness (8 items, α
� 0.71), and Openness to Experience (8 items, α � 0.81).

The Personal and Organizational Quality Assessment
Revised 4 Scale [41, 42] assesses work environment quality
through four subscales: EmotionalVitality, Emotional Stress,
Organizational Stress, and Physical Stress. It uses a Likert
scale from 1 (never) to 7 (always), with α values ranging
from 0.76 to 0.92 across the subscales.

The Spanish version of the Trait Meta-Mood Scale [43] is
a widely used Emotional Intelligence scale in psychological
and educational research. It consists of three dimensions:
Emotional Attention, Clarity, and Repair. Each containing 8
items. Reliability analysis shows strong internal consistency
of 0.89 for Emotional Attention, 0.84 for Emotional Clarity,
and 0.83 for Emotional Repair.

This research dataset comprises data on multiple topics,
encompassing 12 personal factors, 16 occupation-related fac-
tors, and 26 psychological traits, all collected without initial
filtering.
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2.2 Participants and procedure

This study included 2203 Spanish-speaking workers were
divided into 22.8%men and 77.2%women. Among the vari-
ables collected, we can find the gender, age, marital status
and employment status. Educational background and profes-
sional information reported academic level, job title, tenure
in the company, tenure in the current position, tenure in the
profession and professional group. Organisational context
variables captured the company sector, approximate number
of employees and the geographical scope of the company’s
operations. Additionally, participants provided information
on the economic situation of their company over the past year,
as well as subjective assessments of their work environment,
including ratings of their department and company climate,
leadership quality of their supervisor, team spirit and collabo-
ration, attitude of colleagues, self-assessed job performance,
and the degree of alignment with both colleagues and super-
visors.

To provide a brief overviewof the participants, the average
age was 46.09 years (with a σ � 10.54). 50% were mar-
ried, 34% were single, 15% were divorced or separated, and
1% were widowed in terms of marital status. Besides, 46%
possessed university education, while 2% had primary, 22%
had secondary, and 28% had master’s or doctoral studies.
For this research, non-probabilistic sampling, also known as
accidental random sampling, was used. The workers partic-
ipated anonymously and voluntarily, without their personal
identification being recorded. The objectives of the study
were clearly explained to them. The study was carried out in
accordance with the Declaration of Helsinki and the proto-
col followed the guidelines of the Ethics Committee of the
participating university, which gave its approval.

Psychological and social research often encounters diffi-
culties when dealing with large sample sizes. Despite having
a larger sample size than many other studies in the field, our
research has its limitations, which will be discussed in the
results section.

The data for this studywere collected through online ques-
tionnaires administered to consenting working individuals.
Participation was voluntary and confidential, and partici-
pants were encouraged to respond honestly. Anonymity was
guaranteed throughout the process. Both the participants and
the organizations they worked for were selected based on
accessibility, using a non-probability sampling approach,
specifically, random sampling [44].

We would like to mention that participants received
detailed information about the study before participation.
Participants were informed that the survey contained ques-
tions regarding their personal, professional and emotional
states and that they should answer honestly by selecting
the option that best described them without overthinking,
emphasising spontaneity. The process took approximately

20 to 30 min, after which participants received a provisional
report summarising their responses and the concepts studied.
Also they were assured that all data collection complied with
applicable data protection regulations in Spain and the USA,
and that electronic questionnaires were administered via an
encrypted platform ensuring participant anonymity through-
out the study.

2.3 Machine learning algorithms

In this section, we provide a brief introduction to the mod-
els. We acknowledge that a deeper overview of all 15 models
would be extensive. Rather than providing detailed descrip-
tions, we recognize that these models are well-established
and widely recognized in the field of machine learning. For
readers seeking more in-depth information, we recommend
consulting relevant references, as the models are already
well-documented. We have intentionally avoided providing
excessive detail, as it would not add significant value to
the discussion, and instead, we focus on the key aspects
that are relevant to our context. Having said that, we imple-
mented several algorithms, each with its own advantages and
weaknesses. We primarily implemented four categories of
algorithms: linear models, tree-based models, other ensem-
ble methods, and neural networks.

In the category of linear models [45], we used Linear
Regression (LR), which aimed to establish a relationship
between the dependent variable and one ormore independent
variables. Ridge Regression (Ridge) was then applied, which
introduced a penalty term to the loss function to prevent over-
fitting by adjusting the coefficients. LassoRegression (Lasso)
also focused on regularisation but had the added benefit of
performing variable selection by forcing some coefficients
to be exactly zero. Lastly, we employed Elastic Net (EN),
which combined the strengths of both Ridge and Lasso. This
approach allows for a balance between the two regularization
techniques [46].

A set of tree-based models was considered in this study
[47].We started with Regression Trees (RT), which provided
a simple but effective way to model relationships in many
scenarios by splitting the data into subsets based on fea-
ture values. We then added Random Forest (RF), which is
an ensemble method that built multiple decision trees and
averaged their predictions to enhance accuracy and control
overfitting. Extra Trees (ET) also contributed to this category
by creating a collection of trees but with a more randomised
approach to feature selection [48]. We explored Gradient
Boosting (GB), which sequentially builds trees, each cor-
recting the errors of the previous ones, leading to a strong
predictive model. XGBoost (XGB) took this a step further by
optimising the boosting process for speed and performance.
We also implemented LightGBM (LGBM), which is known
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for its efficiency with large datasets [49]. We included Cat-
Boost (CB) in our set of models because it typically performs
exceptionally well with categorical features [50]. In addition,
we included the Bagging Regressor (BR), which combined
the predictions of multiple models to improve stability and
accuracy.

We also included other ensemble methods, namely
AdaBoost (AB), which focuses on adjusting the weights of
misclassified instances to improve the model’s performance
iteratively [51]. And we also utilised the Stacking Regressor
(SR), which combined the predictions of multiple models,
specifically XGB, LGBM, and GB, to create a more robust
final prediction [52]. We chose to include these three in
our SR due to their proven effectiveness and complemen-
tary strengths. We considered other alternatives, however,
we found that they did not offer significant improvements
over the selected models.

Lastly, we explored Neural Networks, specifically the
Multi-LayerPerceptron (MLP).Thismodel consistedofmul-
tiple layers of interconnected nodes, allowing it to learn
complex patterns in the data through backpropagation.

Therefore the 15models implemented are: Linear Regres-
sion, Ridge Regression, Lasso Regression, Elastic Net,
Regression Trees, Random Forest, Extra Trees, Gradient
Boosting, XGBoost, LightGBM,CatBoost, Bagging Regres-
sor, AdaBoost, and a Stacking Regressor and Multi-Layer
Perceptron.

2.4 Genetic algorithm

A GA is an optimization technique inspired by the prin-
ciples of natural selection and genetics [53]. In our study,
we employed a GA for feature selection, which helped us
identify the most relevant features from our dataset. This
approach mimicked the process of natural selection, where
the algorithm generated a population of potential solutions
and then iteratively improved them over several generations.
Each solution represented a subset of features, and we evalu-
ated their performance based on howwell they contributed to
the overall model accuracy. By selecting the best-performing
subsets, the algorithm gradually eliminated less useful fea-
tures while retaining those that provided the most value. The
GA’s goal is to build a simplified model that does not suffer
in performance and allows us to reduce our feature set while
enhancing the model’s effectiveness. By reducing noise and
focusing on the most informative variables, we ensured that
the final model remained robust and accurate.

In this binary problem, we are dealing with a situation
where each variable can either be included in themodel train-
ing or excluded from it. This is represented by a binary value,
where a value of 1 indicates that the variable will be used,
while a value of 0 signifies that it will not. Consequently,
each individual in our population is represented as a binary

vector composed of these 1 s and 0 s, reflecting the selection
of variables for training the model.

The process begins with the initialisation of a population,
where we create a set of random individuals. Following this,
we apply various genetic operators to evolve the population
over successive generations.

Our GA employs mutation as a critical mechanism. The
random changes introduced to the population help prevent
premature convergence on suboptimal solutions and main-
tain genetic diversity. Based on a defined mutation rate, we
randomly change the values of each feature in an individual
during our mutation process.

Crossover is another essential operator that combines the
genetic information of two parental individuals to produce
offspring. We implemented two methods for crossover: uni-
form crossover and one-point crossover [54]. In uniform
crossover, we create a mask of random binary values that
determines which features are inherited from each parent.
This results in two children that share characteristics from
both parents. In one-point crossover,we select a randompoint
along the length of the parent individuals and exchange the
segments beyond that point to create two new offspring. Note
that both crossover operators were tested, but no significant
difference was found. Therefore, the results presented in this
study were obtained using the uniform crossover method.

An individual’s fitness is determined through the differ-
ence in their results and those of a test set. The fitness
score indicates the degree to which the selected variables
enhance the model’s performance. The goal is to determine
the optimal mix of features for training to boost the model’s
predictive capabilities.

2.5 Measures

Measuring the performance of our model requires the appli-
cation of appropriate metrics. We use R-squared (R2) as the
chosen metric. Although additional evaluation metrics such
as Root Mean Square Error and Mean Absolute Error were
calculatedduringmodel development, theywere not included
in the final results, as they provided no significant additional
vision beyond what was already captured by the R2 values.
Given the number of algorithms tested and the volume of
resulting data, including these metrics would have unnec-
essarily lengthened the results section without enhancing
interpretability. R2 was selected as the primary evaluation
metric because it directly reflects the proportion of variance
explained by each model. Also, it is a particularly relevant
measure in psychological and behavioural research where
understanding explained variance is more meaningful than
absolute error magnitudes.

R2 can range from−∞ to 1,where 1 indicates a perfect fit,
and values less than 0 suggest that the model performs worse
than a basic mean-based model. The R2 metric is calculated
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using the formula:

R2 � 1 −
∑n

i�1(yi − ŷi )
2

∑n
i�1(yi − y)2

, (1)

where y represents the mean of the actual values:

y � 1

n
−

n∑

i�1

yi (2)

We also measured the skewness of the variables to assess
the asymmetry of their distributions. This statistic reveals
the degree of the data’s deviation from normal distribution,
aiding in the identification of outliers and the comprehension
of data patterns. We will make use of this metric to better
understand the nature of the data. It can be calculated as
follows, being σ the standard deviation:

S � n

(n − 1)(n − 2)

n∑

i�1

(
yi − y

σ

)3

(3)

Kurtosis is a statistical measure that describes the shape of
a probability distribution, particularly highlighting the tails
and peak. It can be used to reveal information about the pres-
ence of outliers and the degree of “tailedness” compared to a
normal distribution. Its calculation is shown in the following
equation.

K urtosis � n(n + 1)

(n − 1)(n − 2)(n − 3)

n∑

i�1

(
yi − y

σ

)4

− 3(n − 1)2

(n − 2)(n − 3)
(4)

3 Experiments

For those who are not concerned with our study’s experimen-
tal details, they can skip this section. The process is described
in detail by describing our experimental parameters. Thus,
this section explains the specifics of our experiments, includ-
ing each test and its evaluation parameters. To fully grasp our
methodology, the following lines cover all essential factors of
each model. Our model’s performance was evaluated using
five-fold cross-validation. In this way, we reduce overfitting,
improving the model’s ability to estimate its generalisation.

To optimise the performance of ourmodels, we performed
a grid search for parameter tuning. The best results were
obtained by systematically exploring the optimal settings for
each parameter. All the tested parameters are listed below.

For LR, we focused on the intercept parameter and tested
both the inclusion (True) and exclusion (False) of the inter-
cept.

The Ridgemodel included parameters such as the regular-
isation strengthwith values of 0.1, 1.0, 10.0, and 100.0, solver
options including ‘auto’, singular value decomposition,
Cholesky decomposition, least squares, and gradient-based
optimisers, along with the maximum number of iterations
was set to 1,000, 2000, and 3000.

In the case of Lasso Regression, we examined regularisa-
tion strengths with values of 0.01, 0.001, 0.0001, 0.1, 1.0,
10.0, and 100.0, maximum iterations of 1000, 2000, and
3000, selection methods of cyclic and random, and whether
to reuse the previous solution (warm start) as True or False.

TheDT involved parameters such as the criterion for split-
ting set to mean squared error, splitter options of best and
random, maximum depth values of None, 10, 20, and 30,
minimum number of samples required to split set to 2, 5, and
10, minimum samples per leaf with values of 1, 2, and 4, and
the number of features to consider for the best split set to 2,
4, 8, and 16.

For RF, we included the number of trees in the forest rang-
ing from 2 to 256, the splitting criterion set to mean squared
error, maximum depth options of None, 10, 20, and 30, mini-
mum number of samples to split set to 2, 5, and 10, minimum
samples per leaf values of 1, 2, and 4, the number of features
to consider for the best split set to 2, 4, 8, and 16, and whether
to bootstrap samples as True or False.

The MLP model featured different hidden layer sizes,
activation functions including rectified linear unit, tanh,
and identity, solver options of ‘adam’, stochastic gradi-
ent descent, and limited-memory Broyden–Fletcher–Gold-
farb–Shanno, regularisation strength values ranging from
0.0001 to 1.0, learning rate strategies of constant, inverse
scaling, and adaptive, initial learning rate values of 0.001
and 0.01, maximum iterations set to 200, 300, and 500, early
stopping enabled as True, and validation fraction set to 0.1.

For GB, we tested the number of boosting stages set to 50,
100, and 200, learning rate values of 0.01, 0.1, and 0.2, max-
imum depth options of 3, 5, and 7, and the minimum number
of samples to split and the minimum number of samples per
leaf both set to 2, 5, and 10.

The ABmodel includes the number of boosting stages set
to 50, 100, and 200, along with learning rates of 0.01, 0.1,
and 1.0.

For XGB, we examined the number of estimators set to
50, 100, and 200, learning rate values of 0.01, 0.1, and 0.2,
maximumdepth options of 3, 5, and 7,minimumchildweight
values of 1, 2, and 3, and subsample options of 0.6, 0.8, and
1.0.

In the case of BR, we included the number of estimators
ranging from 10 to 200, maximum samples of 0.5 and 1.0,
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maximumfeatures set to 0.5 and1.0, andwhether to bootstrap
samples as True or False.

For ET, we tested the number of trees set to 50, 100, and
200, the number of features to consider for the best split
with values of the square root and log2 of the feature count,
maximum depth values of None, 10, 20, and 30, minimum
samples to split set to 2, 5, and 10, and minimum samples
per leaf values of 1, 2, and 4.

The LGBM model included parameters such as the num-
ber of boosting iterations set to 50, 100, and 200, and the
learning rate values tested at 0.01, 0.1, and 0.2. The number
of leaves was tested with values of 31, 50, and 100. We also
evaluated the maximum depth of the trees, with options of -1
(no limit), 10, and 20. The minimum number of data points
required in a leaf was set to 20, 50, and 100. In addition, the
feature fraction, which determines the proportion of features
to use in each boosting iteration, was set to 0.8 and 1.0.

The CB model has the following parameters. The amount
of boosting iterations was tested with values of 50, 100, and
200. We explored different learning rates of 0.01, 0.1, and
0.2, along with tree depth options of 4, 6, and 8. Moreover,
we included the L2 regularisation strength with values of
1, 3, and 5. We also tested the bagging temperature with
values of 0, 0.5, and 1, and the number of splits used to make
categorical feature combinations with options of 32, 50, and
100.

For EN, we evaluated the regularisation strength with val-
ues of 0.01, 0.1, 1.0, 10.0, and 100.0, and the mixing ratio
between Lasso and Ridge penalties with values ranging from
0.00001 to 1.0. Themaximumnumber of iterationswas 1000,
2000, and 3000, while the tolerance for optimisation was
tested at 0.0001, 0.001, and 0.01. Additionally, we tested
whether to fit the intercept in the model, with options of True
or False.

Finally, the SRmodel combined predictions frommultiple
models, including XGB, LGBM, and GB, using LR as the
final estimator. We repeated the tests carried out previously
for these models.

Once we have completed all but the last set of experi-
ments, we fixed the best parameters obtained from our grid
search to launch the GA. The parameters tested are a pop-
ulation size of 100, a total of 100 generations, a mutation
rate of 0.1, and two types of crossover methods: uniform and
two-points. Additionally, we evaluated the impact of elitism,
which determines whether the best individuals from one gen-
eration are transferred to the next, with options for both true
and false.

To minimise bias from the search space and reduce over-
fitting to specific patterns in the training data, we applied
repeated cross-validation and executed all experiments ten
times and used the mean results.

Table 1 Summary statistics of Total EngI. Pk stands for the k-th per-
centile

Statistic Value

Total 2190

Mean 0.6579

S. deviation 0.1736

Min 0

P25 0.5530

P50 0.6742

P75 0.7803

Max 1

Skewness − 0.5359

Kurtosis 0.2583

Due to the limited space available in this paper, only the
most relevant experiments are discussed below. In doing so,
we hope to maintain a clear focus on our key findings.

4 Results and discussion

In this section, we present the results of our study. It begins
with a brief exploratory analysis that provides some under-
standing into the data. After this initial examination, we
introduce a detailed exploration of the forecasting experi-
ments conducted.

As mentioned in previous sections, the dataset used in
this study included information about employees, encom-
passing several aspects such as demographics, job details,
perceptions of the work environment, personality traits, and
emotional intelligence scores. It comprised a total of 2,190
rows and 52 columns, which featured both personal and psy-
chological variables. The main focus of this study was the
target variable known as «Total EngI». This variable has no
missing values, with a mean value of approximately 0.658
and a standard deviation of 0.174. It ranges from 0 to 1, and
the median is around 0.674, see Table 1.

The last two rows of the table provided information as
to the asymmetry and tail characteristics of the data distri-
bution for the variable in question. The analysis revealed
a negative skewness of -0.53, indicating that the distribu-
tion was left-skewed. This suggested that higher scores were
more prevalent. Additionally, the Kurtosis value of 0.25 indi-
cated that it exhibited positive kurtosis. This suggested that
the distribution had heavier tails and a greater likelihood of
extreme values, which is characteristic of what is known as a
leptokurtic distribution. Overall, these statistics point out the
nature of the data distribution and emphasise the tendency for
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Fig. 4 Bar chart showing the
frequency distribution of Total
EngI scores among participants

higher scores to dominate while still allowing for the pres-
ence of outliers on the lower end. This can be visualized in
Fig. 4.

In examining the relationships within the dataset, we iden-
tified the top three psychological variables that were most
strongly correlated with our target variable. First, Flow, with
a correlation of 0.686, stands out as a significant contribu-
tor. Emotional Vitality followed closely with a correlation of
0.669; and Flourishing, which had a correlation of 0.650.

In contrast, the personal variables showed much weaker
correlations. It implies that they had less impact on our target
variable. For instance, Position Tenure had a correlation of
0.002, while Company Tenure and Professional Experience
followed with correlations of 0.004 and 0.007, respectively.
Marital Status, with a correlation of 0.014, also demonstrated
aminimal relationshipwith EngI. This remarkable difference
highlighted that psychological factors are farmore influential
than personal circumstances. This might suggest that focus-
ing on emotional and psychological well-being could be key
to enhancing overall EngI capabilities.

Having concluded the exploratory analysis, we now turn
our attention to the results of the forecasting experiments.

In the first experiment, we aim to compare the effec-
tiveness of two distinct methods for splitting our datasets
into training and testing subsets: a random procedure and
a stratified approach. The stratified method is particularly
noteworthy as it allows for a more subtle distribution of
classes within the datasets. To explore this further, we tested
three variations of the stratified approach concerning single-
ton classes, in order words, those classes that appear only
once in the dataset. Specifically, we examined the impact of
placing these classes in the test set, the training set, or in both

sets. It is expected that including singleton classes in both the
training and testing datasets will provoke overfitting, but we
added this option to see howmuch the models could actually
improve.

Table 2 summarizes the performance of various models
across different scenarios. Note that in order to consolidate
the results into a single table, there are several experiments
that are not included since they did not provide extra infor-
mation. The ETmodel stood out in scenarios where singleton
classeswere included in both training and testing sets. Across
the remaining configurations, Ridge, LR, and MLP con-
sistently delivered strong performance, while RT showed
markedly lower results overall. Ensemblemodels such as RF,
XGB, and CB generally performed well but did not always
outperform simpler models like Ridge or LR. Particularly,
performance for most models (excluding RT) fell within a
similar range of 0.590 to 0.690.

Althoughmodels tended to perform better when singleton
classes were included in both datasets, results still improved
when singleton data were isolated in the test set, supporting
the decision to adopt stratified splitting in subsequent anal-
yses. This strategy ensured better generalization by testing
the models on unseen data, which ultimately led to slightly
higher R2 values. On the contrary, when singleton data were
present in training, performance declined, suggesting over-
fitting risks.

Regarding the oversampling experiment, we evaluated
various thresholds between 10 and 60.Overall, Lasso showed
the most stable and highest average performance with 0.651,
especially at mid-range thresholds. MLP excelled only at the
lowest threshold, 10, but showed a significant drop at higher
levels, likely due to overfitting. As oversampling increased,
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Table 2 Results using the R2

metric. Best values in each
column are bolded, while best
values in each row are underlined

Model Simple Singleton
in test

Singleton
in train

Psycho
Vars

Stratified Oversample Gender Personal
vars

LR 0.650 0.679 0.651 0.674 0.679 0.666 0.672 0.671

Ridge 0.652 0.681 0.652 0.673 0.681 0.665 0.671 0.670

Lasso 0.650 0.679 0.640 0.673 0.679 0.665 0.672 0.670

RT 0.345 0.508 0.418 0.436 0.508 0.451 0.529 0.398

RF 0.637 0.651 0.639 0.653 0.651 0.652 0.666 0.664

MLP 0.651 0.679 0.651 0.670 0.679 0.667 0.666 0.098

GB 0.621 0.651 0.631 0.663 0.651 0.651 0.660 0.678

AB 0.591 0.612 0.594 0.610 0.612 0.613 0.614 0.615

XGB 0.630 0.655 0.625 0.659 0.655 0.660 0.666 0.669

BR 0.630 0.655 0.628 0.658 0.655 0.653 0.653 0.660

ET 0.643 0.655 0.636 0.656 0.655 0.650 0.644 0.641

LGBM 0.620 0.640 0.615 0.661 0.640 0.635 0.659 0.661

CB 0.643 0.664 0.634 0.655 0.664 0.643 0.652 0.665

EN 0.647 0.660 0.648 0.001 0.660 0.649 0.659 0.576

SR 0.623 0.653 0.627 0.665 0.653 0.652 0.662 0.672

most models demonstrated declining trends, reinforcing con-
cerns that excessive duplication may introduce noise. While
ET and RF performed well at higher thresholds, 50 and 60,
RT remained the weakest across the board.

The table also includes comparative results from different
modelling strategies. These span five key setups: using only
psychological variables (our baseline), stratified split with
singleton classes in test data, optimal oversampling results,
the inclusion of gender, and the integration of all personal
variables. LR was the top performer when only psycholog-
ical variables or gender were included. Ridge achieved the
highest result in the stratified split, while Lasso led the over-
sampling condition.MLPandGBeach led one configuration,
withGBshowing its best performancewhen all personal vari-
ables were added.

On the contrary, RT consistently ranked among the lowest
performers, and MLP struggled with the full set of per-
sonal variables. The overall mean R2 across all models and
conditions was approximately 0.627, with higher variability
observed in psychological and personal variable scenarios.

These findings emphasize the importance of careful vari-
able selection and modelling choices. While simpler models
may offer easier interpretation, they risk losing predictive
capability. Likewise, excessive variable inclusionmay reduce
generalizability. Thus, a balanced approach is crucial to
ensuring robustness and interpretability. By minimizing the
number of variables, we can reduce the risk of overfitting and
enhance generalizability, but this trade-off must be carefully
considered. This is why we present the next Table 3.

A quick look at the table, give us a surprising outcome.
First, all the models exhibited an improvement in perfor-
mance, which demonstrates that the genetic algorithm for
feature selection was effective. This improvement is partic-
ularly intriguing given that the number of variables included
in the models is considerably low. It indicates that even with
a simplified approach, themodels were able to capture essen-
tial patterns and relationships within the data. This finding
underscores the potential benefits of simplicity in model
design, as it not only enhances clarity but also contributes
to more robust performance. The table reveals that, consid-
ering all the models, the mean R2 value was 0.65 with a total
of 20 variables included in the model. This indicated a mod-
erate level of explanatory power in the models and suggests
that they accounted for a reasonable portion of the variance
in the data. However, the introduction of a GA demonstrated
a notable improvement in performance. The GA achieved
an average R2 value of 0.68, while utilizing only about 12
variables on average. This improvement highlighted the effi-
ciency of the GA in selecting the most relevant variables,
thereby enhancing the model’s predictive capability without
the need for a larger set of variables.

Note that the best possible outcome for the R2 value was
around 0.73. However, the highest R2 metric obtained during
the previous experiments was 0.69. This result came about
when the approach involved including singleton variables in
both the training and testing datasets, which could be consid-
ered a form of «cheating» as it is not supposed to have in both
sets the same sample. By doing this, the models likely ben-
efited from information that should have been kept separate,
leading to an inflated measure of performance. Despite that,
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Table 3 Comparative analysis of
R2. Performance evaluation of
non-optimised approach and
genetic algorithm-enhanced
model. Best values in each R2

column are bolded, while best
values in each row are underlined

Model Non-optimised GA

R2 Features R2 Features

LR 0.67898 20 0.70250 13

Ridge 0.68062 20 0.70010 11

Lasso 0.67919 20 0.72737 12

RT 0.52928 20 0.59350 10

RF 0.66565 20 0.67099 15

MLP 0.67898 20 0.71476 10

GB 0.67844 20 0.70097 13

AB 0.61502 20 0.63193 12

XGB 0.66854 20 0.66904 14

BR 0.66045 20 0.67990 10

ET 0.65577 20 0.68872 11

LGBM 0.66147 20 0.67544 13

CB 0.66470 20 0.69354 10

EN 0.66011 20 0.69011 12

SR 0.67226 20 0.68079 15

we achieved better results by not adding singleton classes
during training and by optimizing the number of variables.

We would like to point out that the GA does not deter-
mine a fixed set of predictors but instead explores multiple
solutions as it selects different combinations of variables
depending on the model used. This approach allows for flex-
ibility in identifying the most relevant features for predicting
our target variable. The selected variables for each model
are presented in the following Table 4. It presents the best
individuals obtained from the GA optimisation procedure.
Each column corresponds to a different model, while each
cell indicates the usage of a variable, with a value of 1 signi-
fying that the variable was used and 0 indicating it was not.
The last column displays the usage ratio of each variable,
and the final row summarises the total number of variables
employed across the models. It is important to note that the
table is organized by usage ratio and the number of variables,
with the highest ratios positioned at the top andmodels utiliz-
ing fewer variables located on the left, creating an ascending
order from fewer to more variables.

Besides, it is important to note that the variables in the
table are numbered according to their designation in the ques-
tionnaires. To maintain coherence across studies, we have
kept these original numbering conventions. Consequently,
numbers 15 to 20 are not included in the table, as they cor-
respond to the EngI variable.

From this table, we can observe some interesting results.
Two variables stand out as the most significant, v1 and v9,
which represent Flow and Flourishing, respectively, as they
appear in all the models. Furthermore, other highly utilised

variables include v21, v13, and v14, corresponding to Emo-
tional Vitality, Regulation, and Total Emotional Intelligence.
In opposition, there are variables that are less frequently used,
such as v26 and v6, which represent Total Personal andOrga-
nizational Quality and Responsibility. It suggests that these
latter variables may hold less importance in predicting EngI.

If we turn our attention to the number of variables utilised,
it is quite remarkable that the GA effectively optimized the
selection. In the worst-case scenario, it decreased the num-
ber of variables from 20 to 15, and in the best-case scenario,
reduced it to 10, which is half of the original number. In par-
ticular, there are four models that successfully employed just
10 variables: RT, MLP, BR, and CB. In contrast, the mod-
els that required a greater number of variables were RF and
SR. This fact underscores the variability of the approached
implemented.

The results of our models, particularly those from the
genetic algorithm for feature selection, reveal that Flow,
Flourishing and Emotional Vitality are the strongest pre-
dictors of EngI, consistently present across the optimised
models. Key variables also include aspects of Emotional
Intelligence, such as Regulation and overall Emotional Intel-
ligence scores.

To clarify, Flow describes a state of deep absorption and
effortless performance, indicating that high EngI involves
not only recognising and managing energy but also reach-
ing peak states. Flourishing reflects wellbeing and personal
fulfilment, linking EngI with purposeful living beyond cog-
nitive or emotional aspects. Emotional Vitality and Emotion
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Table 4 Best individual obtained from the results of the GA. Each column represents a model. Each cell indicates whether a variable was used (1)
or not (0). Last column displays the usage ratio of a variable. Last row is the total variables employed

Var Model Ratio

RT MLP BR CB Ridge ET Lasso AB EN LR GB LGBM XGB RF SR

V1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

V9 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

V21 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 0.933

V13 1 1 1 1 0 0 1 1 1 1 1 1 1 1 1 0.867

V14 0 1 1 0 1 1 1 1 1 1 1 1 1 1 0 0.800

V2 0 1 0 1 1 0 1 0 1 1 1 1 1 1 1 0.733

V12 1 1 1 1 0 1 1 1 1 0 1 0 0 1 1 0.733

V7 0 1 0 1 1 1 0 1 0 0 1 1 0 1 1 0.600

V3 1 0 1 0 1 1 0 0 0 0 1 1 1 1 0 0.533

V4 0 0 0 1 0 1 0 1 1 1 1 1 0 1 0 0.533

V23 0 0 1 0 1 0 0 0 1 1 0 1 1 1 1 0.533

V25 1 1 1 0 0 0 1 1 0 0 1 1 0 0 1 0.533

V10 0 1 0 0 1 0 1 0 0 1 1 0 1 0 1 0.467

V22 0 0 0 0 1 1 0 1 0 1 0 0 1 1 1 0.467

V24 1 0 0 0 0 0 1 0 1 1 0 0 1 1 1 0.467

V5 0 0 1 0 0 0 0 1 1 1 0 0 1 0 1 0.400

V8 0 0 0 1 0 1 1 1 0 0 1 0 1 0 0 0.400

V11 0 0 0 1 1 0 0 0 1 1 0 1 0 1 0 0.400

V6 1 0 0 0 0 1 0 0 0 0 0 0 1 1 1 0.333

V26 1 0 0 0 0 1 1 0 0 0 0 1 0 0 1 0.333

Total 10 10 10 10 11 11 12 12 12 13 13 13 14 15 15

Regulation form a core part of EngI. It emphasises the emo-
tional dimension’s role in managing energy and promoting
healthy environments.

These findings offer more than predictive capability since
they give understanding of the psychological foundations of
EngI.

4.1 Ethical implications

As the integration of AI into research and decision-making
processes accelerates, ethical considerations have become
increasingly vital. Although our current study did not utilize
advanced AI systems in its main analyses, we recognize the
responsibility to engage with the ethical landscape surround-
ing AI applications, particularly in fields related to human
behaviour and psychological assessment.

We are committed to aligning with emerging standards in
responsibleAI development anduse.This includes the ethical
auditing of AI systems to ensure adherence to fundamental
principles such as fairness, transparency, and the minimiza-
tion of algorithmic bias [55]. Such auditing practices aim
to identify potential risks, such as embedded societal biases

in datasets, threats to data privacy, or loss of human over-
sight, and to guide the development of more equitable and
transparent systems [56].

These concerns are increasingly reflected in guidelines
such as the American Psychological Association’s August
2024 policy statement “Artificial Intelligence and the Field
of Psychology” [57], which emphasizes the role of psycho-
logical science in shaping ethical AI. The APA advocates
centring ethics and human rights, ensuring equitable prac-
tices, and addressing bias throughout the entire AI lifecycle,
from data collection to deployment. Similar principles are
echoed in frameworks like the NIST AI Risk Management
Framework [56], as well as in the work of numerous global
organizations contributing to a growing consensus on the
need for auditable and actionable ethical AI standards [58].

Should future iterations of our research adopt more com-
plexAImethodologies, we are prepared to implement formal
ethical review processes that involve multidisciplinary col-
laboration among technical experts, ethicists, and domain
specialists [59]. In such cases, tools like IBM AI Fairness
360 or Google’s What-If Tool may be employed to audit for
bias and ensure fairness in our models [56].
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This ethical commitment is also reflected in our atten-
tion to demographic factors such as gender. In line with
responsible AI practices, our analysis foundminimal and sta-
tistically insignificant gender influence on model outcomes.
As a result, it is an encouraging result that indicates the
absence of gender bias and supports the robustness of our
findings.

5 Conclusions

Questionnaires are well-established tools in psychology
that have been widely used to assess many psycholog-
ical constructs, including Intelligence. However, relying
on self-reported data can introduce subjectivity and bias,
because individuals’ responses can be influenced by their
self-perception, among other factors. In addition to this,
administering and analysing questionnaires can be time-
consuming and require significant resources, especially for
larger populations. This can limit their scalability in certain
settings. With the help of AI-based models, the implemen-
tation of these questionnaires can be significantly expedited,
in this way enhancing the overall process. Besides, AI mod-
els help create a more controlled environment that minimises
related factors for a more accurate interpretation of certain
key variables.

In contrast to traditional assessmentsmethods, the concept
of EngI offers a holistic view of intelligence that considers
the energetic nature of human beings integrated with free
will and Life Purpose. This concept not only enhances the
understanding of intelligence but also highlights the potential
to integrate innovative assessment methods to explore these
energetic dimensions more effectively.

The purpose of this study is to exploit the concept of EngI
and propose an AI model to predict an individual’s EngI
based on commonly measured factors in companies. This
study demonstrates the effectiveness of a machine learning
approach in predicting this construct. Through the optimi-
sation of several algorithms to extract-related variables, we
have shown that our approach can reach a considerable
accuracy in estimating this trait. Predicting EngI could help
identify individuals with low levels and enable early inter-
vention strategies to enhance their well-being and therefore
performance. This may involve personalised coaching, and
interventions focused on developing this trait. Moreover,
understanding EngI of employees could help organisations
create a more supportive and harmonious work environment,
to achieve goals doing a more suitable invest of energy
and resources not only in employees but also in the teams
involved and to promote health in organizations.

In addition to its effects in job environments men-
tioned earlier, the development of EngI could have a
significant impact on adolescents by enhancing four key

meta-competencies involved in personal growth and evolu-
tion: self-knowledge, self-esteem, self-regulation, and self-
development. By understanding their EngI better, adoles-
cents could gain more tools to face the challenges of the
digital era we live in today. Another area for applying EngI is
family well-being. We predict that fostering EngI in parents,
sons, and daughters could strengthen collaboration, commu-
nication, and service within families. This would help create
stronger family bonds, improve listening skills, encourage
meaningful dialogue, and enhance personal relationships.
Other potential areas of application include health and sports,
where EngI could reduce the material, emotional, and ener-
getic costs associated with achieving results and maintaining
balance.

Our findings highlight the potential of data-driven under-
standing to support psychological research and provide a
foundation for further investigations. The analysis carried
out in this study revealed that psychological variables are
more strongly correlated with EngI than personal factors.
So, enhancing emotional and psychological well-being may
be more effective than focusing solely on personal circum-
stances. After several approaches to preprocess the dataset
employed, we concluded that stratified splitting, particularly
by isolating singleton classes in the testing set, improved
model generalisation and performance metrics compared to
random splitting. Nonetheless, the oversampling techniques
did not significantly enhance model performance and may
have introduced noise or led to overfitting.Also, the inclusion
of the gender variable had little impact on model outcomes.
Furthermore, using all personal variables resulted in a slight
decrease in performance compared to models that focused
solely on psychological factors. The GA proved effective for
feature selection, achieving an average R2 of 0.68 with only
12 variables, compared to 0.65 with all 20 variables. And
the best R2 of 0.73 using a reduced model against 0.69 with
all variables. This highlights the potential of the proposed
model design. Finally, Flow and Flourishing emerged as the
most important predictors of EngI, as they were consistently
selected by the GA and in Pérez-Moreiras analysis [1]. It
underscores their importance in understanding and develop-
ing this particular construct.

In future research, we suggest investigating the impact
of key variables such as Flow and Flourishing on EngI lev-
els. Plus, we propose a deeper exploration of other advanced
feature selection techniques to further improvemodel perfor-
mance and identify additional key attributes. Additionally,
future work might assess potential bias in model predic-
tions across demographic groups. A deeper analysis with a
larger, more balanced sample would help ensure fairness and
improve model reliability. Additionally, we propose incor-
porating explainable AI techniques such as SHAP or LIME,
alongside our genetic algorithm approach, to enhance the
interpretability of our models. This combined strategy would
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allow us to identify the most influential variables and to
clarify how the models use them to generate predictions.
This is particularly valuable when studying novel and poten-
tiallymultidimensional constructs in psychological domains.
We also consider it highly desirable to expand studies on
other psychological constructs such as resilience (ongoing),
self-regulation and vitality (concepts that, while substan-
tially linked to Flow and Flourishing, have not been directly
addressed). Likewise, in the process of consolidating the con-
struct of EngI, it is necessary to approach its study from a
neuroscience perspective.

To conclude, we would like to highlight the practi-
cal implications of our work. Since 2015, our research
team has been implementing practical applications of EngI
Development Programs in organizational settings, personal
development, and family environments in Spain [1]. The out-
comes observed point to increased personal and professional
satisfaction, enhanced resilience in facing challenges, and
greater self-regulation among participants.

While the use of predictive tools opens new possibilities,
we must also remain cautious about overreliance, especially
when such tools may risk reinforcing limiting beliefs or self-
fulfilling prophecies. EngI offers a perspective grounded in
the belief that every individual has a unique purpose and
inherent potential. From this understanding, it becomes pos-
sible to design environments that foster human flourishing.

We hope that not only coaching psychology, but also edu-
cation and all areas related to human talent development will
benefit from new tools and approaches that embrace this
energetic perspective. Looking ahead, we envision a world
by 2050 that is more energetically intelligent. One in which
each individual is aware of their essential qualities and life
purpose, contributing to a deeper harmony with themselves,
others, and the planet.
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