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Abstract
Increasingly competition in the service sector makes companies look for best management practices. In
this context, clustering techniques are gaining space through the identification of actions that fit better to
the employees’ profiles. In addition, Personnel Psychology techniques, with special emphasis on the
personality analysis area, present a wide application in studies and companies. This article approaches the
clustering by k-means and Fuzzy C-Means, assessed by Silhouette Index (SI), and the principal
component analysis of the samples in a gym franchise unit. The samples were characterized by both
socio-demographic characteristics and their relationship with the company, as well as their scores on
personality tests based on Five Factors Model (FFM). The results indicate the formation of two groups
that differ especially in age, time in the unit, salary and job role, also tracking the highest scores on FFM.
The formed clusters were analyzed managerially, making it possible to propose specific actions for each
group.
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1. Introduction
The dynamism of the Brazilian economy in recent years resulted in increased competition, especially in the fitness
industry, which entails in the emergence of new market entrants (Ueda, 2005). For instance, economic indicators
from Porto Alegre, one of the major cities in Brazil, in October of 2013 compared to April of the same year,
demonstrate the opening of 28 new establishments over the previous period in this sector, reaching a total of 518
(excluding informal ones) (Prefeitura Municipal de Porto Alegre, 2014a and 2014b). These new establishments are
composed by both independent entrepreneurs and expansion or creation of new franchises (Pinheiro and Pinheiro,
2006; Carvalho et al., 2014).
In particular, the franchising sector is featured by highly standardized processes. In this context, the human
resources management (HRM) presents a key role in the implementation of practices that lead to satisfactory results,
creating a competitive advantage (Silva, 2001). Liu et al. (2007), based on an analysis with more than 19,000
organizations, state that HRM is especially critical for the services sector, emphasizing its importance in the
planning of these resources. HRM is understood as a set of business practices involving a company’s employees
aimed at achieving individual and organizational goals. This area is usually subdivided into three main blocks:
personnel, organizational and human factors psychology (Landy and Conte, 2013).
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Personnel psychology (PP) is comprehended as the field of psychology responsible for the recruitment, selection,
training, performance evaluation, promotion, transfer and dismissals (Landy and Conte, 2013). It assumes that
people are different in terms of their working attributes and behaviors, and the information about these differences
can be used to predict, maintain and increase employee satisfaction and performance (Ahmada and Schroeder,
2003). Although the PP uses various techniques within the different areas, it is clear that employee grouping
techniques (clusters) present few literature evidences concerning its application (Azevedo, 2013); whenever applied,
they are together with learning curves, as the study of Uzumeri and Nembhard (1998). Another technique usually
combined with PP is the Five-Factor Model (FFM), which consists in a personality model based on five factors: (i)
neuroticism, (ii) extroversion, (iii) kindness, (iv) scrupulosity, (v) openness to new experiences (Vecchione et al.,
2012). This technique has been used since the 1960s in the USA and Europe in order to predict the performance of
employees (Barrick and Mount, 1991).
This paper proposes an approach for grouping employees of a gym franchise using multivariate analysis techniques.
The descriptive variables of the employees’ characteristics include the five personality factors from the FFM, and
the evaluations of performance, economic, social and demographic. The observations (employees) are grouped
through techniques that include k-means and fuzzy c-means (FCM). Further, the quality of the formed groups is
assessed using the Silhouette Index (SI). To enhance the formed groups, variables are by applying PCA (Principal
Component Analysis). This article presents contributions to both practice and theory. In practical terms, the
achievement of consistent groups of employees enables a better understanding of their characteristics in order to
establish proper management techniques with these groups. Moreover, its application can be expanded to other
similar business units, providing support for decision-making processes. In terms of theoretical perspective, this
article breaks new ground by integrating results from the FFM technique as input variables for clustering structures.
This rest of this paper is divided into four sections, besides this introduction. Section two brings a literature review
with regards to cluster formation techniques such as k-means, FCM, PCA, SI and FFM. Section 3 presents the
proposed method for generation of groups of employees, while the fourth section presents the results from the
application of the proposed method. Section 5 presents the conclusions of the study and recommendations for future
studies about grouping employees and personality models.

2. Theoretical Framework
2.1 Multivariate analysis tools
The general aim of multivariate tools is the simplification of the data used in analysis. It aims to reduce the variety
and complexity of the original data, making the analysis simpler (Rencher, 2002). In particular, this section
discusses two multivariate techniques applied in the article: PCA and clustering tools.
The purpose of the Principal Component Analysis (PCA) is to find an orthogonal basis vectors that maximize the
variance of a set of data (Hansen et al., 2014). Therefore, the number of set dimensions is reduced, preserving the
maximum of its variability, searching for the dimension in which the observations are further apart (Rencher, 2002).
The operation of the PCA is to calculate the eigenvector (vi) of the covariance matrix, in which the magnitude of an
eigenvector λi is equal to the sum of the variance in the correspondent eigenvector vi direction, called the principal
component (PC). The next major component is the linear combination in which the sum of the variances in the
orthogonal direction to vi be the maximum as possible. The principal components (PCs) resulting , Z1, Z2,..., Zn are
linear combinations of the original variables X1, X2,..., Xp, through the weights w1,w2,...,wp. They can be written as Zn
= w1X1 + w2X2 + ... + Xpwp (Jolliffe, 2002). It is worthy noticing that PCA should be used in a data set in which the
values of each variable of the samples are approximately in the same range (Härdle and Simar, 2003). Further, the
vectors may be normalized or not, depending on the specific use (Hair et al., 2005). To define the number of PCs to
be retained, some techniques are suggested by Rencher (2002): (i) the sum of the variance of PC approaches 80% of
the original variance; (ii) select the PC whose eigenvalues λ are higher than the average of the eigenvalues; (iii) use
the technique of scree graph, and realize the natural distinction between large and small eigenvalues, and (iv) test the
significance of Z corresponding to the largest eigenvalues. The PCA has been widely applied in different scenarios.
Xu et al. (2014) present a monitoring of multimodal processes through this technique, while Zhou et al. (2014)
applied PCA techniques aimed at face recognition. In other fields of science, Põldaru et al. (2014) used PCA to
assess the quality of life in cities of Estonia, while Tan et al. (2015) used the technique to study the relationship
between economic, social and environmental indicators in China.
Regarding the multivariate technique known as Cluster Analysis, it aims to find patterns within a multivariate
sample and group them (Härdle and Simar, 2003). The clusters should be formed in a manner that its intrinsic
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homogeneity is the maximum possible while the heterogeneity in relation to others is the highest possible (Hair et
al., 2010). It differs from the classification technique, since in clustering the groups and the number in each group
are unknown. Clustering techniques have been increasingly used in various fields of study, among them for
decision-making and pattern recognition (Taboada and Coit, 2007) and business intelligence (Tseng et al., 2012).
The application of systematic groupings in Human Resource Management (HRM) as Landy and Conte (2013) point,
has also gained importance, although little utilization (Azevedo, 2013). Some authors have used techniques of
clustering associated with learning curves in assembly lines of the footwear industry, through PCA techniques,
FCM, k-means and Kernel methods (Anzanello and Fogliatto, 2007; Azevedo, 2013). In medicine fields, Dreachslin
et al. (2000) used techniques for groups of nurses treating patients using hierarchical techniques. Yang et al. (2006)
use mixed-variable fuzzy c-means (MVFCM) techniques for the formation of cells in an industry.
Groups analysis algorithms can be classified into two groups: hierarchical and non-hierarchical. According to
Rencher (2002), hierarchical techniques are those that involve a process of successive steps, in which it is
highlighted the agglomerative and divisive algorithms. In the first one, according to Hair et al. (2010), the samples
are grouped according to their distances (usually Euclidean); the formed clusters continue to be grouped according
to their proximity until all clusters rise into a single group. However, divisive algorithms make the opposite way,
from a single cluster that should be successively divided according to their internal distance. Once assigned to a
particular group, the object cannot be reallocated, which ensures process hierarchy. They are generally represented
by the dendograms (Rencher, 2002).
The non-hierarchical methods are those in which objects or samples are assigned to a cluster, from the definition of
a number of groups to be formed (Corrar et al., 2009). Two non-hierarchical methods will be addressed in this study.
The first is the k-means method based on Euclidean distance. It allows an object, once allocated to a particular
group, to be reallocated to another if their similarity is greater with objects of that other group (Rencher, 2002). The
method starts with the division of the samples into k clusters defined by researcher (Hair et al., 2010). Then it is
calculated the centroids for each cluster formed and the distances (Euclidean) of the centroids for each observation.
Following, a reallocation of the samples to the nearest centroids of clusters is made. This method is iterative,
repeating until no significant variation in distances from each sample into each of the centroids (Rencher, 2002). The
other non-hierarchical method to be addressed is the fuzzy c-means (FCM). Velmurugan (2014) state that the FCM
is similar to k-means both in structure and in behavior, but it does not consider that the barrier among clusters is so
rigid. In this way each observation belongs to different clusters in certain degree. This degree can be calculated as a
function of the distance of this vector to the centroid or other representative vector of the cluster, which aims to
minimize the objective function (1):
k

N

J m = ∑∑uijm d ij

(1)

j = 1 i =1

where:

cj
uij
N
m
k
dij

- dimension center d of the cluster Cj
- degree of adhesion of xij in Cj cluster
- number of data points
- parameter, a real number greater than 1
- number of groups
- Euclidean distance between the point of data xij and the center of the cluster Cj. The following restriction
is valid for uij:
k
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The iterative process of optimizing the objective function (1) is given by upgrading uij and the centers of the clusters
cj given by (3) and (4).
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The iterative procedure above is finished when maxij{|uij (k+1) - uij (k)|} < ζ, where ζ is a stopping criterion between
0 and 1 and k is the iteration steps. This procedure converges to a local minimum. The samples are allocated to each
group by a member function, which explains the fuzzy behavior of the algorithm, since it belongs to more than one
group at a time. Then, it is built one matrix U (whose factors are numbers between 0 and 1), representing the degree
of association between the samples and cluster centers (Bezdek et al., 1984). Thus, the algorithm is completed with
the next iteration (i) initialize the matrix U = [uij] with U (0); (ii) in every k step calculate the center of the vector
C(k)= [cj] with U(k); (iii) update U(k) with U(k+1); and (iv) if || U(k+1) − U(k) || < ζ for. Otherwise, return to (ii). The
FCM generates clusters in which the weight of the member function has a natural interpretation, not probabilistic.
Thereby, it is heavily used in the natural sciences, as that can capture this behavior.
For Rousseeuw (1987), the Silhouette Index (SI) shown in equation (5), is a way of quantitatively evaluating the
quality of a clustering. This index evaluates how a sample is similar to the others in its group compared to the
closest (Stroieke et al., 2013):

SI(i) =

b(i) - a(i)
max[b(i),a(i)]

(5)

where:
a(i)
- average distance of the sample i in relation to the other group that has been allocated
b(i)
- average distance of i sample in relation to the nearest neighbor group.
Therefore, the value of SI(i) ranging from -1 to +1, with values near +1 denoting observations properly inserted in
the destination cluster, while the opposite is denoted by -1.

2.2 Five Factors Model
The personality can be defined as the set of emotional and behavioral characteristics of an individual that is
generally maintained constant both over time and in a variety of situations (Landy and Conte, 2013). When
considering the usual way of an individual responding to incentives, personality is related to happiness and behavior,
not only in everyday life but also at work. These behaviors include performance, absenteeism, effective teams,
turnover, unproductive behaviors and job satisfaction, among others (Steele et al., 2008). For Barrick et al. (2005),
personality, viewed in isolation, has more predictive significance on performance at work than the intelligence or
experience alones. In addition, there are fewer differences in measurements of age, gender, ethnic subgroups than
intelligence.
The interest in personality measurement has increased with the emergence of a taxonomy for the dimensions of
personality, called Big Five or Five-Factors Model (FFM) (Digman, 1990). Early researches on the subject refer to
McDougall (1932) and Cattell (1947) who pointed out sixteen factors for personality as first order and eight as
second order. Further studies reduced number of factors, which were consistently validated by several researchers
(Barrick and Mount, 1991; Hogan, 1992; Stewart, 1999; Moon, 2001; Clarke and Robertson, 2005; Vecchione et al.,
2012; Landy and Conte, 2013): (i) extroversion, (ii) neuroticism, (iii) kindness, (iv) scrupulosity, (v) openness to
new experiences. The first one refers to the characteristics of being sociable, talkative, ambitious, energetic, and
assertive, and may be broken into two: ambition and sociability. The second factor, also called as emotional stability,
determines the tendency that an individual presents to be anxious, depressed, angry, embarrassed, emotional,
worried and unsure. The third factor refers to individuals who tend to be courteous, flexible, reliable, cooperative,
friendly, pleasant, humorous, tolerant and generous. Individuals with lower levels of kindness are less likely to
easily manage relationships with other individuals, including following safety standards. The factor scrupulosity,
which includes characteristics such as responsibility, prudence, persistence, preparation of plans and objectives
driven, was the first factor to attract the attention of researchers. For some scholars, scrupulosity would be better
divided in realization (related to hard work, persistence and desire to perform well) and reliability (related to being
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disciplined, organized, respectful of norms, honest and trustworthy). It is possibly the most important personality
variable on the desktop and can be considered equivalent to intelligence "g" in the field of non-cognitive intelligence
(Schmidt and Hunter, 1992). Finally, there is openness to new experiences, which reflects individuals who are
imaginative, curious, original, independent, creative, educated and artistically sensitive.
For Campbell (1990), personality is more related to motivational aspects of work than its technical facet, presenting
a better predictive capacity of what the employee probably will do (linked to motivation) rather than what he can do
(linked to their knowledge and skills). Hence, Barrick et al. (1993) state that the greater the degree of autonomy of a
task the more the personality factors influence in a good performance. As pointed out by Cheung (2004), although
the five factors can vary across countries, it is applicable and has substantial results in different cultures. Several
systematic measurements have been suggested with regards to FFM applicability. Landy and Conte (2013) highlight
the fact that the tests may be divided into two types, screen-out and screen-in. The first one was initially developed
and aimed to eliminate candidates in job selections, who might represent potential problems. The second type,
developed later, includes a systematic aimed to add information about the positive attributes of respondents.

3. Methodological procedures
The proposed method relies on four operational steps: (i) data collection, (ii) data processing, (iii) generation and
evaluation of quality of groups, and (iv) elaboration of management strategies based on clusters.
Initially, employees are characterized by two blocks of information. The first relies on features of sociodemographic and economic backgrounds. The qualitative profile data have been processed in order to generate
quantitative data suitable for subsequent clustering. These data were collected by consulting the records of the
restaurant itself and the questionnaires. The second part of the data aims to characterize the personality traits of
employees through the FFM methodology. These data were collected by means of printed questionnaires applied to
a group of employees and coaches. The questions were answered through a Likert scale, ranging from 1 to 5.
Among the interviewed respondents there were teachers, interns, receptionists, commercial area and managers. The
answers were arranged in matrices, with each column representing a variable of interest and each line the data of an
employee.
The second step of the method is analyzing the collected data in order to assess potential inconsistencies and ensure
a consistent profile of groups of employees. First, samples with missing information were excluded. Then,
standardization techniques were applied to transform each variable in a range between 0 and 1. This procedure was
used for both data blocks and intended to prevent calculation distortion originated by large scale variables, when
forming the clusters.
Based on the standardized data, clusters of employees are formed. First, it is performed the clustering of
standardized variables (CSV) through the agglomerative hierarchical techniques in order to obtain a rough
estimative of the number of clusters to be generated. Then, we proceed to the k-means clustering and FCM,
changing the number of clusters, k. The quality of each group was evaluated by an average Silhouette Index (SI),
obtained from each clustered observation. The value of k responsible for higher average SI is selected for
interpretation. Alternatively, PCA is applied on the standardized variables in order to obtain the Clustering of Latent
Variables (CLV). The idea is to assess the formation of clusters based on a reduced number of uncorrelated variables.
The latent variables are clustered using k-means and FCM techniques. Next, it is evaluated the quality of the
obtained clusters obtained through the average SI, as done previously. Finally, it is generated a comparative table
between clusters using original and latent variables.
The last step of the method consists of two stages. First, it is verified if the clusters number, obtained using the
previous steps, is appropriate with the current operation. The idea is to obtain a number of clusters that satisfies both
the mathematical and managerial aspects. Second, the human resources strategy is adapted in such a way that takes
into consideration the different profiles of employees and their different characteristics and demands.

4. Results
The study was conducted in a unit of a fitness franchising in the city of Porto Alegre. It is part of a holding that
possess other several franchising units. The franchising is highly recognized in Brazil due to its quality level, and
has been inspired on international franchising with full service style, in which all classes and methods are included
in the monthly fee. The facility operates 17 hours a day, 363 days a year, offering 32 different kinds of classes, as
well as providing monitoring and physical evaluation. Inaugurated in 2010, the unit has 58 employees, including 6
trainees and 41 employees (including coaches, maintenance assistants, reception and commercial area). Moreover, it
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has eight managers: marketing, sales, maintenance, evaluation, gym, cardio respiratory, fitness, IT and Financial,
and general manager.
The variables used in the study had two distinct sources. The first was a printed questionnaire for the unit's
employees. The questionnaire was divided into two large blocks. The first consisted of general questions about the
employee that included age, gender, time in the unit, job satisfaction, role, level of education, and how the transport
to work was performed. The second consisted of a Screen-in type questionnaire called IPIP Big-Five Factor Markers
translated to Portuguese, which comprises 50 questions that should be answered on a Likert scale (ranging from
strongly agree to strongly disagree). This questionnaire BFF resulted in a score of 1 to 5 for each of the areas. The
company's database was also used to search for information such as employees' salaries, and to dispel doubts of the
answers of the questionnaire. Forty-five out of fifty-six total employees responded to the questionnaire. Two were
on vacation, seven declined and two wanted to deliver only after the collection period.
Processing the data was in three distinct stages. The first was to determine whether any of the employees who
answered the questionnaire had overlooked some crucial information that could not be obtained through the
company's records, or answered wrongly the IPIP. From the total, only one invalidated the analysis through the Big
Five Model, since he pointed out more than one option in several statements. The second stage consisted of the
conversion of qualitative data into quantitative, as well as deciding which variables would be used. Variables whose
physical quantity made real sense were selected: age (years), time in the unit (years), job satisfaction (score 0-10),
salary and job function (many managers and employees work in two or more sectors in the gym, and assigned values
to their likely position in the unit - 1 for trainees, 2 to base positions in sectors, 3 to leaders and 4 for managers). As
for the sectors, each employee had a weight of 1 (i.e., if acted in more than one sector, weights were summed to the
respective employee). The final score was obtained by multiplying the position by the sector. The last stage
consisted in the standardization of observations, obtaining values ranging from 0 to 1. In particular, neuroticism had
its score (and percentile) standardized on a scale in which the lowest value was 1.
After data standardization, we proceeded to the clustering analysis, which resulted in the dendogram of Figure 1; on
the x-axis there are the samples, and on the y-axis there is the distance between related samples. Figure 1 suggests
that the cluster number for the sample oscillates between 2 and 6.

Figure 1. Dendogram representing the hierarchical clustering

Next, the clustering of standardized variables was proceeded, applying k-means and FCM techniques. For clustering
with FCM technique, the difference of the objective function in the iteration was used as a stopping criterion;
whenever less than 1.10-10. Then, SI was used to evaluate the formation of clusters, as displayed in Table 1. It is
worth to notice that similar values were obtained to the function of probability of belonging to each group.
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Table 1. SI values for the variation of cluster numbers and clustering techniques of standardized variables
k=2
k=3
k=4
k=5
k=6

k-means
0.329789
0.197415
0.212450
0.142659
0.178136

Fuzzy c-means
0.310947
-0.069335
0.006923
0.006923
0.006923

Table 2 shows the results of PCA. It is noticed that the first five eigenvectors account for 80.5% of the observed
variance, and represent the decision criteria regarding the number of PCs to be retained. In addition, the average of
the eigenvectors is equal to 1, showing that the sixth eigenvalue (1.062806), besides representing 7.0% of explained
variance, is above average, which suggests another cut-off point to determine the number of PCs to be retained. Due
to these reasons, the number of PCs retained for analysis was six.
Table 2. Eigenvalues and explained variance
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Eigenvalues

Explained variance

3.877373
2.898883
2.027182
1.805323
1.467383
1.062806
0.730504
0.556430
0.290844
0.200138
0.036887
0.022764
0.013220
0.007541
0.002722

25.8%
19.3%
13.5%
12.0%
9.7%
7.0%
4.8%
3.7%
1.9%
1.3%
0.2%
0.1%
0.08%
0.05%
0.018%

Cumulative explained
variance
25.8%
45.1%
58.6%
70.7%
80.5%
87.5%
92.4%
96.1%
98.1%
99.4%
99.6%
99.8%
99.9%
99.9%
100.0%

In the sequence, a new clustering analysis was made by k-means and FCM on the six latent variables retained; again,
the number of clusters ranged from 2 to 6. Table 3 compiled the SI values obtained for each type of clustering
according to the variation of k.
Table 3. SI values for the variation of cluster numbers and clustering techniques of standardized variables
k=2
k=3
k=4
k=5
k=6

k-means
0.32804
0.25657
0.13597
0.21615
0.19960

Fuzzy c-means
0.348015
0.193935
0.105294
0.150594
0.153856

Through the analysis of the average SI, it is clear that the largest, 0.348015, was generated by the FCM with 2
clusters (the largest value generated by k-means is also coming from k=2). It is noteworthy, however, that the values
of SI denote an average quality clustering, justified by the structure of the data. Figure 2 shows SI values for each
observation grouped for 2 clusters. In management terms, the consideration of two clusters makes sense within the
current gym context, without any management or operational impediment to this classification. To examine how the
clusters were distributed along the characteristics of employees, Table 4 consolidated the average characteristics of
each group.
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Figure 2. SI distribution by clusters
Table 4. Cluster’s characteristics average
Characteristics
Age
Time in unit
Job role
Grade
Salary
Extroversion
Scrupulosity
Neuroticism
Kindness
Openness to new experiences
Percentile extroversion
Percentile scrupulosity
Percentile neuroticism
Percentile kindness
Percentile openness to new
experiences

Group 1
31.50
3.63
4.39
8.42
US$ 560.85
3.42
3.77
2,38
4,04
3,67
60.94%
62.83%
25.00%
57.17%

Group 2
26.29
1,13
1.83
9.16
US$ 279.15
3.20
3.60
2.82
3.76
3.39
53.79%
57.08%
41.58%
40.92%

28.06%

17.04%

Table 4 shows the distinction between the two groups especially in the variables job role (encompassing all
managers in Cluster 1), time in unit and salary. These three variables tend to have a higher correlation, since the
company's policy stimulates developing managers within the unit, before hiring a third party. However, the variable
salary also had significant influence, since all commercial area employees (employees with the highest salary for the
position range) are in cluster 1, except the first employee who had entered for three months in the unit. The factors
from BFF also showed alignment in the formation of groups, because all the factors on which a higher score
represents a positive characteristic were higher in groups (and smaller neuroticism values). Also there is a difference
in the average of the factor related to the good performance of the work (scrupulosity) in Group 1. In addition, the
neuroticism factor had an average of almost 0.5, which indicates people with higher self-control trends, especially in
relation to negative feelings. It should be noted that the degree of job satisfaction within the unit was higher in
cluster 2, showing that employees at lower wages and lower positions are more satisfied with the unit. However,
individuals with more experience in the unit and more professional ambitions, tend to have more requirements
(justifying the reduction of the score).
In consequence of the formed groups, different management actions could be addressed. For Group 1, consisting of
more experienced individuals, it is recommended to take actions to ensure greater financial stability, especially
related to profit sharing. Furthermore, it is important to create the introduction of differentiated training routines, in
particular those related to staff management and information management, seen as flawed even in the current
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structure. Moreover, it would be suitable the adoption of practices that reinforce the good atmosphere that exists in
the workplace and to motivate the search for new practices, especially based on the fact that the average openness to
new experiences is higher in this group. It is suggested, for example, the adoption of training in other Brazilian units,
incentives for conferences and courses participation, among others.
In group 2, two distinct points need to be improved. The first one refers to training (both technical and procedures)
necessary for beginners or for those who do not have the closest bond with the gym (because many coaches teach in
other academies). In addition, training to develop personal skills is recommended to better train them and future
leaders. On the other hand, it is important to ensure that employees of this group visualize the perspective of growth,
development and better payment within the unit. If this group does not envision future opportunities, there will be
inevitable shutdowns, turnovers and the need for basic training without greater chances of deepening. Finally, it is
suggested the application of constant tests to more accurately assess employees identifying gaps and, hence, train
them properly.

5. Conclusions
This study aimed to find the proper HRM practices for a gym franchise unit through the creation of groups of
employees using multivariate analysis of clustering. Two main motivations guided the research. The first one was
the insertion of personality techniques based on the Big Five Model in groups of studies, while the second was
related to the formation of consistent groups to address HRM practices, which can be A competitive edge in the gym
franchising.
The method was based on non-hierarchical clustering techniques, k-means and fuzzy c-means, and their quality
assessed by Silhouette Index (SI). In addition, variables were initially clustered using agglomerative hierarchical
techniques to know the approximated number of clusters (k) to be tested. Furthermore, it was also applied the
principal component analysis (PCA) in the database and performed the clustering with the two techniques previously
mentioned in the standardized variables. Once obtaining these clusters, the interpretation and proposition of
appropriate management practices to the profile of each cluster could be settled.
The results were obtained by applying the method in a database of a gym’s employees. This database was composed
of both variables from the available information in the company's records and a survey with employees. The
database consisted of two large blocks: socio-demographic and relationship characteristics derived from its
personality traits based on the FFM. After clustering the standardized and latent variables, it was obtained the best
SI value of 0.348015 when applied FCM. Employees with longer time in unit, higher salary and greater
responsibility, as well as higher FFM scores were part of a single group. Finally, for each group, HRM practices
were suggested.
For future studies, it is suggested the addition of other variables to complete the information about employees.
Among them, the household income is suggested, which differs substantially because many coaches also provide the
personal training service that carries a substantial increase in income. Furthermore, the application of the method in
other franchising units is also indicated to verify common aspects and enable standardization of HRM policies.
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