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Abstract Resumen
Human talent management is a key factor in the suc-
cess of organizations. The inclusion of people with
disabilities in the work environment has helped to
enhance their qualities and harness their talent. Many
of the human talent management systems lack guide-
lines for the recruitment and selection of a person
with a disability, this is why this work shows the
study carried out on these two processes indicating
the factors that influence the allocation or not of a
position, where for each candidate it is considered
the level and type of disability, level of education,
experience, training among other aspects, focusing on
the task of applying supervised learning techniques
that enable us to classify a candidate with a disabil-
ity as suitable or not for a job, and unsupervised
learning techniques such as clustering that helps us
define hidden patterns in the data, if any. The result
obtained from the study presents some classifications
techniques and the selection of the most appropriate
one for the available dataset. It is not sought to inte-
grate people through their disabilities, but quite the
opposite, to integrate people based on the potential
of all their abilities.

La gestión de talento humano es un factor fundamen-
tal en el éxito de las organizaciones. La inclusión en el
entorno laboral de las personas con discapacidad ha
ayudado a potenciar sus cualidades y a aprovechar su
talento. Muchos de los sistemas de gestión de talento
humano carecen de directrices para el reclutamiento
y selección de una persona con discapacidad, es por
eso por lo que el presente trabajo muestra el estudio
realizado a estos dos procesos indicando los factores
que influyen en la asignación o no de un cargo, donde
de cada candidato es considerando el nivel y tipo de
discapacidad, nivel de estudios, experiencia, capaci-
tación entre otros aspectos, enfocándose en la tarea
de aplicar técnicas de aprendizaje supervisado que
permitan clasificar a un candidato con discapacidad
para un puesto de trabajo como apto o no y técnicas
de aprendizaje no supervisado como el clustering que
ayuda a definir patrones ocultos en los datos si los
hubiera. El resultado obtenido del estudio presenta
varias técnicas de clasificación y la selección de la
más adecuada para el conjunto de datos en cuestión,
igualmente mediante técnicas de aprendizaje no super-
visado se determina cuántos clústeres representativos
se identifican en los datos. No se busca que se integren
las personas a través de las discapacidades, sino todo
lo contrario, que se integren las personas por medio
de la potencialidad de todas sus capacidades.
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1. Introduction

In recent years different organisms and Governments
have considered as an important point in their admin-
istration, improving the quality of life of the people
with disabilities, such as the case of the Government
of Ecuador whose Development Plan points out as one
of its goals «To increase the number of people with
disabilities and/or substitutes inserted in the labor
system for 2021» [1] and thus based on the current
Constitution, the Labor Code and the Organic Law
of Dissabilities an integration has been achieved that
contributes to the inclusion of people with disabilities
in the society. In the working environment, selection
mechanisms have been gradually created in which pro-
cesses have been adjusted to enable the participation
of people with disabilities seeking gender equity and
diversity of disability [2].

The human resources data provide a valuable
source of information for discovering knowledge and
for developing systems to assist in the decision making
when recruiting personnel. Nowadays, organizations
have to struggle effectively in terms of cost, quality,
service and innovation.

The success of these tasks depends upon having
available enough adequate people with the adequate
skills, deployed in the appropriate places at the ade-
quate moment, which is known as human talent man-
agement. Managing the talent of an organization has
become a challenge for human resources professionals,
this task implies many managerial decisions to select
the right person for the right job at the right moment.
At times, these decisions are very uncertain and dif-
ficult; and depend on various factors, such as human
experience, knowledge, preference and judgement [3].
The talent is considered as the capability of any indi-
vidual to make a significant difference in the current
and future performance of the organization [4].

The recruitment becomes difficult when analyzing
the labor inclusion process of people with disabilities.
According to the World Health Organization (WHO),
in developing countries between 80 % and 90 % of
the people with disabilities at working age are cur-
rently unemployed, and in industrialized countries the
estimation is between 50 % and 70 %.

The barriers for entering the labor market for peo-
ple with disabilities vary according to the type of
disability, and thus, in the process of labor insertion of
a person with disability, it is required to take measures
that guarantee the access and permanence of this per-
son at the workplace, respecting individuality and type
of disability [5]. When a candidate fulfills the adequate
profile for a position, the company should manage and
perform the necessary changes to the workplace, thus
helping to develop the abilities of this person.

In the National Council for the Equality of Disabili-
ties (CONADIS, Consejo Nacional para la Igualdad de

Discapacidades) of Ecuador, by June 2020 there were
registered [6] 481 392 people with disabilities of which
13 % are occupationally active without considering
substitutes, 56.20 % of which have physical disability,
followed by 17.12 % with hearing disability, 14.31 %
with visual disability, 8.88 % with intellectual disabil-
ity and, finally, 3.50 % with psychosocial disability.
The private sector has 46 496 people with disability
on its payroll and the public sector 18 333 people. See
Figure 1.

Figure 1. People with disabilities registered in the
CONADIS

According to [7], the recruiting process has im-
proved through the implementation of information
technologies, which enable simplifying the process of
posting vacancies and resumes, listing jobs and seeing
possible candidates. However, the recruiting process
remains being imperfect and the study mentions three
reasons:

1. Some steps of the recruiting process are not au-
tomated. As a result, recruiters have to manually
process a large number (sometimes hundreds, or
even thousands) of resumes to select the best
potential employee.

2. In general, recruiters do not take into considera-
tion all possible alternatives for the employee.

3. Recruiters are only guided by their subjective
opinion, and thus there is no guarantee that the
selected candidate is really the best possible op-
tion for the employer.

The contracting and selection of personnel directly
affects the quality of the employees. Various studies
have been carried out about resumes, interviews, eval-
uation centers, tests about knowledge of the job, job
sample, tests, cognitive tests and personality tests in
human resources management, to help organizations
to make better decisions in the selection of personnel.
In fact, the existing selection approaches are focused
on the job duties and the analysis of such duties which
are defined thorugh activities and specific tasks based
on their static properties [8]. The abovementioned
processes generate an important amount of data re-
garding recruitment, the present study attempts to



Matute-Pinos and Bojorque-Chasi / Support to the human talent subsystems, selection and recruitment from

an expert system. Case study 43

take advantage of automatic learning techniques on
these databases.

Automatic learning consists in the application of
statistical techniques to databases for learning hidden
patterns, projections or predictions of observations,
by means of the application of algorithms valuable
information may be automatically extracted from data
of a specific domain [9].

The present work is organized as follows, section
two presents different works related with the area of
artificial intelligence and its application in human re-
sources management, different concepts are introduced
when it is considered opportune. Section three presents
the working methodology, detailing the applied tech-
niques. Section four shows the relevant results that
were obtained and, finally, section five exposes the
conclusions of the present work.

1.1. Related works

Organizations are starting to adopt and capitalize the
functionality of artificial intelligence in their recruiting
processes [10]. The applications of expert systems or
systems to assist decision making for selecting and
recruiting personnel are increasing [8, 9, 11–14].

For job application and selection, artificial intel-
ligence may use behavioral and physiological (for ex-
ample, biometrics) features as part of the general
decision-making process [10]. Some implementation
examples are the use of multimedia tools [15], on-line
candidate monitoring systems [16], automatic learning
systems [17], systems for supporting decision making
which help in the entire process of categorizing and
identifying disabilities [9], however, at present the rich-
ness of data mining is not being exploited.

Nowadays, there are countless artificial intelligence
techniques such as data mining, data analytics and the
discovery of information in databases that, by means of
automatic learning techniques, provide organizations
the tasks of prediction and classification, to support
decision making, including human talent management.

Data mining refers to the extraction of patterns
or useful rules from an extensive data source, through
automatic or semiautomatic exploration and from data
analysis [18]. For this work, the application of auto-
matic learning techniques constitutes the data mining
process, according to the literature there is the con-
sensus of classifying automatic learning techniques in
supervised learning, unsupervised learning and rein-
forcement learning [19].

The present work focuses on the task of applying su-
pervised learning techniques such as classification and
unsupervised learning techniques such as clustering to
the database collected in the project of educational
and labor inclusion of people with disabilities of the
Universidad Politécnica Salesiana.

The supervised techniques enable classifying a can-
didate with disability as suitable or not for a job post.
From the computational point of view, it is a classi-
fication task, however, the disability condition biases
the data to a very reduced population, first, there is
no enough data about them and the sample is limited
to the domain of the city of Cuenca-Ecuador.

Classifying is a supervised learning task, where the
class or classification objective is known. In data min-
ing, there are various techniques used for classification
such as decision trees, Bayesian techniques, fuzzy logic,
support vector machines, neural networks, genetic al-
gorithms and the nearest-neighbors algorithm. In the
present study various techniques are applied to deter-
mine the one that best fits the collected information
about the candidates with disabilities.

Clustering consists in finding hidden patterns in
the data, natural groupings that are not perceptible
in the high dimensionality environment exhibited by
modern datasets [19], seventy features in our case. Due
to the high dimensionality, the work seeks to determine
correlations between the different features in order to
eliminate those that show a high correlation index.
Similarly, dimensionality reduction techniques were
tested.

It is important to mention a research area with
strong growth perspective in the field of automatic
learning for supporting human resources management,
it is natural language processing, and as a current
disruptive technology the chatbots handle tasks such
as interviews to candidates, personnel training, cus-
tomer service and any task that requires communi-
cation between people and an intelligent agent [20].
In the personnel recruitment area, it is important to
mention that the chatbots are capable of handling a
significant amount of information that interviewers
often overlook [21].

2. Materials and methods

The work [22] was used as base line; such work consists
of 120 data samples, with 70 features regarding age,
sex, level of education, work experience, foreign lan-
guage proficiency, type of disability and the transversal
skills of each candidate. The original study utilizes a
rule-based system validated by experts. Our proposal
incorporates as a novelty the learning from the origi-
nal dataset to predict if a candidate is suitable or not
for a position, and thus, through supervised learning
techniques the system does not require the validation
of experts.

Data dispersion is the most relevant feature of the
dataset, i.e., the available matrix is missing informa-
tion, and such information cannot be considered as
0 in the analysis process because this could bias the
results of the analysis. Table 1 shows a summary of
the different features of the dataset.
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Table 1. Features of the dataset

Type of information Description

Descriptive Descriptive details of each candidate,

information the most relevant feature in this case is
the age and the type of disability

Makes reference to the use of auxiliary

Information about devices by the candidate, as well as the

adaptations need to be supported by an interpreter
or have developed skills such as the

sign language
Education Level of education of the candidate

Information about Various features that provide information
the position about the details of the position

Information about Features that collect the past working
the experience experience of the candidate

Optimal parameters to Desirable parameters for applying to a
apply for a position position

Parameters obtained Assessment of each candidate in the
by the candidate different parameters
Domain of other Details about the domain of other languageslanguages

Training Features that collect information about
trainings received

For this work it was proceeded to impute the
data and eliminate those features that do not pro-
vide enough information to the system, either because
the data collected represented an insignificant amount
of the population under study or because the feature
presented text type descriptions that do not provide in-
formation to the system. After this process, a complete
matrix was available.

In order to validate the elimination of features, it
was carried out an analysis of the similarities between
the original dataset, the one that contains the sparse
data; and the dataset after the imputation. Different
similarity metrics were used according to study [23],
being relevant for our study the Pearson and Jaccard
similarities for the complete dataset (with sparsity fea-
tures), and only the Pearson similarity for the modified
dataset.

It may be seen in Equation (1) how the similarity
between candidate u and candidate v is calculated in
a sparse matrix, where i represents the ith feature and
r the value of the feature. In addition, let I ′ be the set
of all common features between u and v.

SP C(u, v) =
∑

i∈I′(rui − ru)(rvi − rv)√∑
i∈I′(rui − ru)2

√∑
i∈I′(rvi − rv)2

(1)
Equation (2) is used to calculate the Jaccard simi-

larity, in this case it is important to determine if there
is intersection between the features of u and v without
regard of the difference in magnitude between their
values.

SJac(u, v) =
∣∣∣∣Iu ∩ Iv

Iu ∪ Iv

∣∣∣∣ (2)

Results show that the average of similarity between
users within one group of candidates with the same

disability is around 0.1, for both Pearson and Jaccard
similarities, although it is slightly lower for the latter.

With the modified dataset it does not make sense
to apply Jaccard similarity because it will always be
equal to one, since it is a complete matrix, however,
with Pearson similarity it is obtained an improvement
of 0.25 in the similarity average between users within
a group of candidates with the same disability, which
evidences that eliminating some features simplified the
system and improved the results.

Using the new dataset, it was proceeded to gen-
erate a color map to determine correlations between
the features of the candidates. Figure 2 presents the
color map between the most relevant features, where
the intersection of each row and column represents
the correlation coefficient in the interval [–1 1] where
values close to –1 mean a strong inversely proportional
correlation and values close to 1 mean a strong directly
proportional correlation, values close to 0 mean that
there is no correlation.

Figure 2. Color map of the correlations between the most
relevant features of the dataset

In this initial analysis it is noteworthy the direct
relationship existing between experience and level of
disability of the candidate (moderate, mild). On one
hand, private companies have a direct relationship
with the mild level of disability, and public companies
have a direct relationship with the moderate level of
disability.

In addition it was proceeded to visualize if there are
relationships between the different features through a
scatter plot. Figure 3 enables appreciating the disper-
sion of points between the different pairs of features of
the dataset, the diagonal shows the histogram of each
feature.

After the statistical analysis it was proceeded to
apply data analytics, where this work has two objec-
tives, the first is generating a classification model for
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the correct allocation of a person to a position. Sec-
ond, through clustering techniques it is attempted to
discover the cohesion of the groups of candidates. In
the first case, classification techniques such as logistic
regression, support vector machines and the nearest
neighbors algorithm, will be compared. In the second
case, the k-means clustering algorithm will be used.

Figure 3. Scatter plots between pairs of features

3. Results and Discussion

3.1. Classification

When designing the model, different classifications
techniques were used, including, a binary logistic re-
gression scheme, since the objective is to attempt pre-
dicting if a person is suitable or not for the position.
The logistic regression was tested with linear, quadratic
and cubic hypotheses; techniques such as Support Vec-
tor Machines with Gaussian kernel and the k-nearest
neighbors algorithm (KNN) for results with 3 and 5
neighbors, were also implemented.

In order to validate the results, the dataset was
divided in five random sets for training and testing, in
a proportion of 80 % and 20 %, respectively. Results
show the average of the five random testing sets. The
metric used to compare the quality of the prediction
is the precision according to Equation (3), where TP
represents the number of classifications made correctly
(true positives) and FP the number of incorrect classi-
fications (false positives).

Precisión = TP

TP + FP
(3)

The results of the different models are shown in
Table 2. Even though the best results are obtained

with SVM, the difference in precision with logistic re-
gression is not significant, and thus logistic regression
may be used for simplifying the model.

Table 2. Results of classification techniques

Technique Parameters Precision
Logistic Función lineal 0,805regression
Logistic Función cuadrática 0,815regression
Logistic Función cúbica 0,818regression

SVM Gaussian Kernel 0,821
KNN 3 neighbors 0,791
KNN 5 neighbors 0,798

3.2. Clustering

The most famous and well-known hard clustering tech-
nique is the k-means algorithm [24,25] or hard c-means,
which has the following advantages:

a. It is conceptually simple, versatile and easy to
implement.

b. It exhibits linear complexity with respect to the
number of elements and clusters.

c. It is guaranteed that the algorithm ends with a
quadratic convergence rate [26].

To measure the clustering quality, it was used the
cohesion measure Jc given by Equation (4), where
X represents the sample of the candidate under con-
sideration and C represents the centroid to which it
belongs.

Jc =
c∑

j=1

n∑
t=1
‖Xi − Cj‖2 (4)

The k-means algorithm uses parameter K as the
indicator of the groups to be classified, however, the
challenge is determining what number of groups should
there exist to express the best representation of them.
For the dataset of the candidates, it was determined
the clustering quality from K = 2 to K = 10. In Figure
4 it can be seen, through the Elbow method [26], that
there is no clear determination of the groups of candi-
dates; it might be considered the value K = 3 as well
as the value K = 6 as inflection points where the clus-
tering quality stabilizes according to the curve. This
indicates that the information that is being collected
in the system requires more work, both in quantity
and in the quality of the features.
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Figure 4. Elbow method for k = 2 hasta k = 10

4. Conclusions

This study enables visualizing the correlations existing
between different variables of the dataset, with the
novel contribution of incorporating automatic learning
techniques, supervised learning to support selection
processes of human talent with disability as well as
unsupervised learning to determine in the high dimen-
sional space the number of groups existing in the data.

Based on the study conducted it could be observed
that the most determinant factor for a person with
disability to get a job is the experience, i.e, having
previously worked in some place; in the dataset there is
a direct correlation between the candidates that were
considered suitable and the previous experience, how-
ever, the candidates that although being suitable have
not been located, have as a common factor not having
such experience; this evidences that for the case study,
the main feature which determines that a person with
disability gets a position is this experience, factor that
may be considered discriminatory because it is atten-
tive against equality of opportunities. The dataset used
for this work is considered the most comprehensive of
its type for selection of personnel with disability, how-
ever, the present study has demonstrated that more
relevant features are required. It should be mentioned
that the study also find limitations in the number of
samples, at present the dataset comprises 120 samples
which restricts us to the application of automatic learn-
ing techniques, for the future it would be interesting
to have available a much larger dataset to apply deep
learning techniques.

Various studies demonstrate that the level of edu-
cation improves the opportunity of finding a job [27],
situation which is not fulfilled in the dataset used here.
Such studies also demonstrate that people with dis-
abilites have a lower level of education, compared to the
general population, and this element is easily verifiable
in our case study. Academic preparation determines
that people with disabilities are disadvantaged for the
tasks demanded by the market due to reasons that
go beyond the disability itself. Both the training and
level of education have significant influence on the

job opportunities, because the skills and knowledge
within a specific area are acquired in this training
process [28]. Current systems continue being discrim-
inatory for these people, because most organizations
privilege experience and this induces a poor assess-
ment of the attitudes of these people. This situation is
reflected in the quality of the prediction systems and
in the inability to discover clear clustering patterms
in the data provided.

It is considered that a novel field of study in re-
cruiting processes is the application of chatbots in the
personnel selection interviews, because they enable
eliminating subjective elements that experts consider
as confusion variables that guide the interview in one
direction or another, subjective factors such as the per-
sonal image perceived by the interviewer and the mood,
are elements that are difficult to measure and there-
fore might be eliminated with an adequate selection
of experimental and control groups [29].

While it is true that public policies have con-
tributed to the labor inclusion of people with dis-
abilities, it is necessary that companies supported by
technology narrow the currently existing gap, and like-
wise eliminate the stereotypes that hinder recognizing
and enhancing the qualities of people with disabilities
thus hindering exploiting their talent.
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