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a b s t r a c t
This paper proposes an approach for modeling employee turnover in a call center using the versatility of
supervised self-organizing maps. Two main distinct problems exist for the modeling employee turnover:
ﬁrst, to predict the employee turnover at a given point in the sales agent’s trial period, and second to
analyze the turnover behavior under different performance scenarios by using psychometric information
about the sales agents. Identifying subjects susceptible to not performing well early on, or identifying
personality traits in an individual that does not ﬁt with the work style is essential to the call center industry, particularly when this industry suffers from high employee turnover rates. Self-organizing maps can
model non-linear relations between different attributes and ultimately ﬁnd conditions between an individual’s performance and personality attributes that make him more predisposed to not remain long in
an organization. Unlike other models that only consider performance attributes, this work successfully
uses psychometric information that describes a sales agent’s personality, which enables a better performance in predicting turnover and analyzing potential personality proﬁles that can identify agents with
better prospects of a successful career in a call center. The application of our model is illustrated and real
data are analyzed from an outbound call center.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Reducing the employee turnover rate is a challenge for human
resource managers. This is particularly critical in certain types of
jobs characterized by high workload levels, subject to constant
supervision, requiring routine and monotonous tasks that lead to
employee fatigue and frustration. One example of this is the call
center industry. This paper proposes to use self-organizing maps
(SOMs) to model employee turnover in call centers.
The employee turnover rate worldwide in call centers is 20%,
which includes promotions, voluntary resignations, retirements
and dismissals [1]. However, there is a high degree of variability in this number in emerging and industrialized countries. For
example, in emerging countries like India, the turnover rates reach
39%, in Brazil 26% and Poland 25%, whereas industrialized countries
like Sweden, Germany and Austria they are 10%, 13% and 4%,
respectively [1]. These ﬁgures can be even higher when dealing
with workers with a short tenure and little work experience. In
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the previously mentioned emerging countries, the percentage of
the workforce with a tenure shorter than one year is about 40%,
whereas in industrialized countries it is only 27%. These numbers indicate that a signiﬁcant proportion of personnel who start
working in call centers end up leaving after a year. This supposes high operating costs in recruiting, selecting and training new
employees.
We suggest that there are two approaches to reduce turnover:
the ﬁrst it is to change elements of the work environment to eliminate the negative traits that reduce the worker’s well-being. The
second is to screen out in the recruitment and hiring process,
identifying those individuals with a greater likelihood of leaving
[2,3]. This work focuses on the second alternative, using a SOMbased model to predict and analyze the turnover process using a
combination of psychometric and performance attributes. Therefore, the contribution of our paper is both methodological and
empirical.
Call centers have the technology to record and capture a range
of variables that account for a sales agent’s activities. This advantage makes it possible to focus efforts on the second alternative.
In other words, the availability of data enables a data mining
approach to discover patterns in the information, which permits the
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observation of certain traits in individuals that are more susceptible to leaving or to initiating a turnover process in the early stages
of recruitment and hiring. However, the application of machine
learning models in this type of problem is limited.
To our knowledge, almost all the studies that have dealt with
the issue of turnover with supervised learning algorithms, use
sociodemographic attributes or some proxy of the agent’s performance. For example, in the problem of predicting performance of
sales agents in a call center, it has been shown that sociodemographics attributes do not have predictive power to discriminate
between high performers from the ones with low performance [4].
Instead, operational attributes are more useful to predict turnover,
because they indicate what an agent does in his labor hours in order
to make a sale, and are usually objective information that arises
from measurement instruments such as records of hours worked,
number of sales, hours talked [5]. The main takeaway from previous works is ﬁrst, the use of psychometric information as input
attributes that feeds a machine learning algorithm, with the purpose of training a classiﬁer that discriminates turnover behaviors,
and second to discover combinations of psychological and operational proﬁles captured from the non-linear dependencies learned
by the SOM.
The current study uses a novel dataset that includes psychometric information of the individuals, which allows identifying
patterns of permanence or quitting from a call center, given certain levels of psychological factors that describe the employee.
To our knowledge, we have not found machine learning applications for this particular problem with this type of data, which
is an original contribution of this study. Thus, we demonstrate
a successful application of a classiﬁer to predict the turnover in
a call center using a combination of each sales agent’s performance variables and personality traits from the well-known Big-5
personality scale [6,7]. To achieve this goal, we proposed to take
advantage of a trained Self-Organizing-Map (SOM) to create a classiﬁer which allows us not only to predict the result of a behavior
(job turnover), but also to use it in the opposite direction, i.e.,
to discover under what levels of operational and psychological
attributes there is a greater propensity for the employee to stay or
leave. From the methodological point of view, this twofold capacity is the greatest novelty and difference in relation to previous
works.
There is a wide range of classiﬁers to predict turnover. Some
have already been used successfully (see Section 2.2). If the only
aim were to achieve the best predictive performance, classiﬁers
based on support vector machines or neural networks or more complicated schemes could be trained and adjusted to obtain excellent
accuracy rates; however, these -black box- classiﬁers do not permit
an understanding of the potential relations between attributes that
explain the phenomenon. We claim it is possible to achieve suitable
classiﬁcation performance rates for this data domain, and at the
same time greater knowledge of the turnover process using SOMs
[8,9] as a technique of vector quantization that produces an approximation to a continuous probability density function of a vector
input (for example, a sales agent’s attributes) with information
from only two months of work. Aside from the classic advantages
of this type of neural network, the SOM has the capacity to map
any non-linear relationship without assumptions about the data
[10]. In this sense, SOM allows us to estimate the values of an interest variable y (e.g., levels of extroversion of a sales agent) through
a simple function that uses the idea that each codevector of each
neuron of the SOM, represents a local estimation of the training
data.
Psychometric attributes were used in this work that describe
a sales agent’s personality and attributes of his performance in
order to: (1) predict turnover of a particular agent in a speciﬁc
period and (2) determine the necessary conditions in a sales agent

so he stays with (or leaves) the organization. In order to fulﬁll
these two objectives, we conducted a series of simulations with
real performance and sales agents personality data from an outbound call center. Then, supervised versions of SOMs were trained
as classiﬁcation models, demonstrating that the combination of
personality attributes improves the performance of the classiﬁer.
Finally, another series of simulations with trained supervised SOMs
was conducted to discover the relations between personality traits
and turnover levels to differentiate what levels of personality traits
make an agent more prone to stay in a call center from those with
a lower survival in the organization.
The contribution of this paper is two-fold: (1) For the ﬁrst time
it has been possible to incorporate psychometric information to
a model of machine learning in order to establish a classiﬁcation
model that discriminates individuals that will remain from those
that do not, in the company at some moment in time. This information, along with operational sales agent records, allows us to
obtain an acceptable classiﬁer performance. (2) To ﬁnd relationships between variables that determine or help to explain the
turnover through a class-change model of an instance. We are not
only interested in getting the best classiﬁer for predicting who
leaves the company or stays in it, but also understand the levels
of certain attributes that make sales agents more or less susceptible to stay or resign. For this purpose, the SOMs are exceptionally
versatile, unlike other black-box models [11] used in other studies that can achieve exceptional performance, but they do not
offer the opportunity to acquire interpretability and knowledge
of what are the interactions between variables that must occur
so that, for example, an abandonment of a sales agent is triggered.
This paper is organized as follows: In Section 2, the context of
the turnover problem in call centers is explained and a review
is made of machine learning studies that examine this issue. We
brieﬂy introduce the unsupervised SOM and XY-fused network in
Section 3. In this section we also explain our proposal to determine
non-linear dependencies among unknown attributes of an input
vector versus different levels of well-known attributes in order to
better understand the process that triggers a change of state. In Section 4 a case study is introduced as an example of the application of
the SOM-based model to predict turnover in a call center. Section 5
shows the results of the classiﬁcation activities and the turnover
analysis, and ﬁnally Section 6 gives conclusions.

2. Context and related research
2.1. Context
There are various explanations for what triggers an employee’s
intention to leave. In the particular case of the call center industry, a
work design for mass production services where the goal is to maximize volume and minimize costs, the work has been standardized
and automated to a level where the employees’ abilities, discretion
and time cycles are minimal [12]. This Taylorian approach to work
assumes the workers are replaceable parts. And indeed, the high
turnover levels in this industry reveal the assumption under which
it operates. Such an environment can have negative effects on individual well-being. For example, it has been found that in frontline
employees subject to high levels of stress in order to maintain their
productivity levels, quality deteriorates, and as a result the productivity level falls, which produces even more stress. The support of a
direct superior, however, makes it possible to cope effectively with
the stress derived from compliance [13]. On the other hand, it has
been veriﬁed that a job involving a high degree of customer interaction, heavy workloads and a lack of variety in the work activities are
triggers for absenteeism and emotional exhaustion [14]. Finally, it
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has been observed that monitoring workers’ activities has a beneﬁcial effect on performance, but the intensity of that monitoring has a
strong negative association with the call center worker’s well-being
[15,16].
There are also organizational and personality elements that help
describe the phenomenon of turnover in call centers. One of these
is the individuals’ compatibility with the organizations they work
for (person-organization ﬁt). It has been found that when there
is consistency between the individual’s value preferences and the
managers’ descriptions of the call center, there is greater employee
retention [17]. In a similar vein, when there is a very large gap
between the call center worker’s expectations (e.g. income levels
and job recognition) and his experience, agent survival decreases
compared to when the gap is small [18,19]. There is also evidence
that certain personality traits correlate with performance, particularly in sales-related jobs [20,21].
In summary, high levels of stress to comply with performance
goals, some degree of interaction with the customer and constant
monitoring produces fatigue, emotional exhaustion and burnout
that can ultimately trigger the intention to leave. On the other
hand, psychology research has uncovered the existence of a certain
degree of association between a worker’s personality traits and his
performance of a task. Nonetheless, to our knowledge no study has
used a combination of personality traits and performance as inputs
in classiﬁcation models to predict and explain turnover.
2.2. Related research
The SOM algorithm has not been previously used to model
turnover. However, there is a body of research that uses expert
system for decision making in companies. The use of an expert system in a personnel selection system process has been reported in
conjunction with votes generated by a board consisting of human
experts [22]. Further, decision support systems have been used to
aid in diagnosing conﬂicts in the selection of personnel [23,24].
In this case, the system can analyze interpersonal behavior in a
work group and evaluate the compatibility of a new employee with
the work style of the team during the recruitment phase. Decision
trees and association rules have been used successfully to generate valuable rules for personnel selection, particularly ﬁnding
rules that indicate performance data and employee retention in
a semiconductors company [25]. Qualitative hierarchical modeling
has also been used in the selection of top manager positions [26].
Naive Bayes classiﬁers have also shown a certain amount of success in predicting the performance of sales agents in a call center,
demonstrating that the application of classiﬁers is useful for discriminating individuals with the potential to achieve reasonable
goals from those who cannot and who, as a result, may be prone to
leaving [4]. Neural networks have been applied to the problem of
voluntary employee turnover. In fact, there is evidence that neural
networks perform better than logistic regressions in correctly classifying the leavers in a company [27]. Moreover, neural networks
have the advantage of capturing non-linear relationships relevant
to theory development [27]. In the same vein, the modiﬁed genetic
algorithm to train neural networks has been used to demonstrate
that it is possible to identify attributes relevant to the prediction of
employees at risk of leaving [28].
3. Method
3.1. The self-organizing map
3.1.1. Unsupervised SOM
The SOM is an unsupervised learning algorithm [29], consisting
of a network of units or interconnected neurons that are distributed
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spatially in such a way as to preserve a given topology. Usually, this
topology is represented on a bi-dimensional plane using a hexagonal or rectangular grid. Before starting to train the network, the
units must be initialized, usually assigning vectors from the training set randomly. A competitive learning algorithm is used to train
the network. The idea of this algorithm is that an input vector x(t)
at the epoch t is compared to the i = 1, . . ., k codebook vectors or
network units according to a given unit of distance d(x(t), mi (t)),
and the best-matching unit (BMU) mc is updated so that this neuron is closer to the input vector x(t). This update not only affects the
mc unit, but also other Nc units in the vicinity. Following the notation given in [29], the number of units Nc that are updated (or the
neighborhood area) it can be approximated by means of a Gaussian scalar kernel hic , which has the advantage of being symmetrical
and decreasing monotonically with the distance of the map neurons
from the BMU:


hic = ˛(t) exp

−

||ri − rc ||2


(1)

(t)2

where ˛(t) is the learning rate at an instant of discrete time t and
(t) is the width parameter that is gradually reduced over time
so that the map converges. Initially, the size of the neighborhood
area is approximately equal to the size of the map itself, but in the
subsequent iterations, the area continues to decrease, which allows
certain areas of the map to represent an approach to the probability
density function of the vector inputs x(t) [29].
The updating process of the code vectors can be described as:


mi (t + 1) =

mi (t) + hci [x(t) − mi (t)]

if ∈ Nc (t)

mi (t)

if ∈
/ Nc (t)

We will call S(x, mi ) = x(t) − mi (t) the distance between the input
vector and the winner codebook. This amount measures the degree
of similarity between the two elements. As a result, the codebook
in the t + 1 epoch will be the same codebook in t, but now updated
by the quantity hci S(x, mi ). This process of comparative adjustment
is repeated until the change of the SOM unit vectors is less than a
predetermined threshold or once a maximum number of iterations
has been reached.

3.1.2. Supervised SOM
The description of the SOM as an unsupervised learning algorithm allows it to be used as a tool for exploratory data analysis and
commonly to determine cluster patterns as an alternative to other
grouping algorithms such as K-means and hierarchical clustering
[30,31]. However, SOM can also be used as a supervised algorithm
to recognize patterns, and in particular for prediction activities. In
this case, information about the class variable is added to the learning process along with the predictor attributes. This approach has
been used in chemistry applications where counter-propagation
networks are used [32,33]. This approach is unidirectional, i.e., the
dependent variable Y or the variable class does not inﬂuence the
learning process of the mapping. Therefore, these types of networks
do not incorporate the inverse relations that can exist between the
values of X and those of Y.
In this work, we use the supervised SOM approach proposed by
[34]: The XY-Fused Network. In essence, the algorithm is the same
as the one previously described, but the updating process simultaneously takes into account the dependent variables and the variable
class to capture the relations in both directions in the mapping. This
way, the similarity measurement SFused is a weighted average of the
similarity x(t) to mi (t), and of y(t) to Yi (t). If y(t) is the value of the
class variable (associated with the input vector x), and Yi (t) is the
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corresponding class value of the ith neuron unit of the Y-map, then
the fused measure of similarity is:
SFused (x, mi ) = ˛(t)S(x, mi ) + (1 − ˛(t))S(y, Yi )

(2)

Similarly to an unsupervised SOM, in the XY-Fused Network the
BMU is determined by the minimum of k distances from SFused . As
indicated by [34], the winner codebook is used to update the units
of both maps. The parameter ˛(t), fulﬁlls the same role previously
indicated and also serves as a relative weight between the similarities of S(x, mi ) on the X-map and S(y, Yi ) on the Y-map. In the case
of classiﬁcation problems as in this work, the Jaccard distance is
used to compute the similarity between the value of the input class
and the unit on the Y-map S(y, Yi ) (see [34] for more details) and
the Euclidean distance for the X-Map.
3.2. Modeling the class-change of an instance

this approach enters into conﬂict with the parsimony of the map
when the availability of the data is limited. Too many units could
leave a lot of cells empty and a small number of instances associated
with each cell. In the second case, the Voronoi set Vk is used, which
contains all the instances of training
 {x1 , . . ., xn } for which the codebook vector mk is closest: Vk = x|mk − x < mj − x, ∀j, k =
/ k .
This set is used to construct a linear model that takes into account
the measurement error in the dependent variable y and the measurement error of the dependent variables xj . This could be done
with Total Least Squares (TLS) using a principal component analysis
(PCA) [38]. Due to the limitations of the sample size, we opt to estimate y using Eq. (3). In order to do this, we propose the SOMprocess
function (See Algorithm 1).
Algorithm 1. Algorithm for ﬁnding the unknown values of the ith
attribute, given the a input values of the sth known attribute, using
the XY-Fused Network (i =
/ s).

The result of a trained XY-Fused Network is two projections
representing non-linear relationships from the set of predictor
variables. These projections contain the topology of the training
information and the corresponding class of each instance. In this
paper, we show that this supervised classiﬁcation not only serves
to classify an agent in the stayer or leaver category in an organization; the versatility of the SOM allows the classiﬁcation model to
be used to facilitate the analysis and understanding of the turnover
behavior. This idea is taken from process modeling in industrial
applications [35,36]. The network of trained SOM captures the nonlinear dependencies between variables, so the SOM can be seen
with a non-linear regression that models the underlying data. It is
thus possible to predict the values of certain attributes that meet
certain conditions. The idea is outlined in Fig. 1.
Let us suppose that we have an input vector whose jth attribute
xi has an unknown value. Let us consider how y, the unknown value
as a dependent variable, given the set of other known attributes x.
Considering that each codebook vector of each neuron represents
a local average of the training data, we can assume that within
the vicinity of this codebook, the relation between the variables
assumes a linear model. Consequently, we can estimate y as ŷ =
E(y|x). This regression can be accomplished using:
c = arg min
i



xj − mij

2

(3)

j∈S

where S is the set of the components of the known input vector x.
The result is simply a copy of the jth component ∈
/S of the codebook
mc : ŷ = mck [37].
One alternative that makes it possible to increase the level of
accuracy of the estimation is by increasing the number of units in
the neural network, or constructing local linear models based on
the Voronoi set Vk of map unit k [37]. In the ﬁrst case, an increase
in the number of units provides a dense quantization of the data
space, allowing a better generalization of the prediction. However,

In essence, the SOMprocess algorithm is motivated by the
prediction of the components missing from the input vector. As
input to the algorithm, a trained XY-Fused Network is needed
(code.vector), which has the components from the X-map and the
classes associated with the Y-Map (class.som). Additionally, the N
values known from attribute (X) are entered. The process begins by
looking for a best-matching unit (BMU) with Eq. (3) in each of the
possible J units of the network (lines 6-9 of the algorithm). Then,
the missing component of the input vector of interest is assigned
the value of the component from the BMU. Eq. (3) is used to make

Fig. 1. Prediction of unknown attribute xi , given the information of input vector for class 0 and class 1.
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40
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predictions of certain attributes of interest, given the knowledge
of other known attributes. This is what occurs in line 16 and 17 for
each of the class possibilities. On this point, the prediction is double
because the value of the BMU is assigned corresponding to those
units that belong to class 0 and class 1. This process is repeated
N times for all the known values of attribute X. Finally, the algorithm reports all the unknown values for both classes (Y1 and Y0 ).
In the following section, we show the application of the proposed
methodology in a real case based on the Call Center industry.
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4. The case study
20

The data used in this study contains operational information
on each of the sales agents in an outbound call center during the
months they worked in the organization. The call center is mainly
dedicated to telemarketing and selling ﬁre, theft, accident and supplementary health insurance as well as cell phone plans. There is
also information measuring personality traits when they applied
for a job in the organization. We combined these two sources of
information: operational performance and psychometrics (personality) to demonstrate that these pieces of combined information aid
in improving the ability to predict turnover.
4.1. Turnover in the call center
4.1.1. Turnover assessment
The sales agents turnover rate in the ﬁrst two months of work
is 75%. The proportion of sales agents that stays longer than two
months is only 25%. Due to this high proportion of departing
individuals from the campaigns, positions need to be covered permanently and massively, which leaves no room for a detailed
selection of applicants for the job. Therefore, the application undergoes a personal interview and occasionally a personality test.
4.1.2. Recruitment system and sales agent training
The selected applicant begins an induction of no longer than ﬁve
days led by the campaign supervisor. During this period, the agent
begins to leave a record of his operations on the sales platform.
After the induction, if the selected applicant has shown interest
and acceptable conditions, he is hired for 1 month. At the end of
this month, the call center evaluates his performance and decides
whether to continue for a second month. At the end of the second
month the performance is evaluated again, and if the agent continues, he is given an indeﬁnite contract. With this hiring system,
the call center is trying to recognize individuals who will establish
a lasting relationship before signing an indeﬁnite contract. Therefore, the aim of the classiﬁer is to differentiate subjects with the
potential to last longer than two months from those who remain
less than two months in the call center,1 and also to ﬁnd personality
and operational conditions that will predetermine an employee’s
acceptable performance and longer stay in the organization
Of the sample selected for this study, only 23. 1% stayed longer
than two months as sales agents, whereas 76. 9% left before completing two months of work. As shown in Fig. 2, the XY-Fused
Network should be able to classify the individuals belonging to
one group of agents or the other that will have a tenure longer
than 2 months. The red line indicates a separation between agents
who remain more than two months at the call center and receive a
contract and those who leave before that time.

1
Note that our model does not permit discrimination of those individuals who
leave after two months. Unfortunately, at the time of this study there was no personality trait information for agents whose tenure goes beyond two months. See
[19] for a model with more prediction periods but without personality traits.

11.1
5.9

4.1

2.8

1.3

2.4

2

1.7

1.3

0.7

0.2

0.7

8

9

10

11

12

13

0
1

2

3

4

5

6

7

Months
Fig. 2. Histogram of the number of months worked in the call center before quitting.

The recruitment model notation that we use in this work is as
follows: Pik is the kth personality factor of the ith sales agent. This
data is static, collected when they entered the company. The set
of attributes Xijt represents the jth attribute of operational performance of the ith sales agent in the tth month. The goal of the
classiﬁer is to predict the class variable yi indicating if agent i
remains or not in the call center for a period greater than two
months. This is conducted by training the XY-Fused Network,
where X ∈ {Pik , Xijt }. If yi = 1 then agent i manages to work longer
than two months at the call center, otherwise yi = 0.
4.2. The data
Operational data was acquired from a SQL database query.
The result included some erroneous data due to lost values that
appeared as null values equal to zero, and for example agents with
a production different from zero but with logged hours equal to
zero. Such instances were eliminated from the sample. The resulting sample contained 1748 records of the operational performance
of agents between June and November 2011. Of these records, those
who fulﬁlled the following two conditions were included: (i) they
had an activity record (logged hours) greater than 1 week or 5
working days, and (ii) they correctly answered the personality measurement scale. This way we were certain to eliminate a signiﬁcant
proportion of applicants who stay less than a week and who do not
establish a lasting relationship with the organization. Therefore, we
selected those agents who were active in the call center with information about their personality traits. The resulting sample included
479 records.
4.2.1. Operational performance data
The operational performance dataset is a compilation of variables that monitor the sales agent’s activity during their workday.
These variables are recorded automatically in the company server
via the agent logging system. The measurements include:
1. Logged hours: Number of work hours. This is measured from the
moment the agent logs into his computer until he logs out.
2. Talked hours (Tht ): Number of hours that the agent maintains
telephone contact with a client trying to sell the product.
3. Effective contacts (Ect ): Number of contacts the agent has with
the client represented in the record identiﬁer. If the agent contacts a person who does not coincide with what is indicated in
the record, this is not considered an effective contact.
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Fig. 3. Densities of some operational performance attributes for the ﬁrst month of work (t = 1), and some personality traits.

4. Finished records (Frt ): Number of effective contacts that have
been ﬁnalized. Finalized means that the product was sold to the
client or that the client did not buy the product.
5. Approved production At : Monetary compensation in local currency that represents the commission obtained by the additional
sale of products and other bonuses by exceeding goals in the
work month t.
Since the agents in the sample belong to different campaigns and
different workdays,2 the operational performance must be compared fairly, so that each operational attribute is divided by the
logged hours of every month. Thus, for example, the approved production of an agent in the ﬁrst month is divided by this agent’s
logged hours for that month. Additionally, a previous study [19]
found that prediction of sales agent turnover in a call center is
not only made up of the monetary compensation in each period,
but also the difference between the monetary compensation of the
present month (t) with that of the past month (t − 1). This is a loss
aversion proxy. In this work we use the same approach, deﬁning
the variable A = A2 − A1 .
Fig. 3 shows the densities of two operational attributes and the
time difference of approved production A in order to get an idea

2

Full-time is 44 hours per week; part-time, 22 hours per week.

of the data distribution. Density of approved production is heavily
slanted to the left, which indicates how it is to be expected that
few agents obtain high production levels and a larger proportion of
agents obtain lower levels. The mean of talked hours over logged
hours is 0. 316 (on the plot the numbers are multiplied by 1000),
which indicates that on average the agent speaks approximately
19 min for every logged hour. It is interesting to note that some
agents are more effective in terms of production per talked hour.
The second column of Fig. 3 illustrates the density of the production difference between the second and ﬁrst month. Note that the
mean of A for agents who work longer than two months (y = 1)
is greater than those who do not (y = 0). In the ﬁrst case, the positive mean is equal to CLP$72,118 and in the second it is negative
equal to CLP$2,684. This suggests a second month of work with a
lower production than the ﬁrst month is a sign that the agent will
leave the company; consequently, this difference between the second and ﬁrst month could have predictive power in the employee
turnover behavior.
All the operational attributes are continuous. To avoid comparison issues between measures and potential problems with the
similarity measure in the SOM training process, we chose to standardize the data. For the approved production A1 and A2 , which are
heavily slanted to the right, these have been standardized in terms
of the median and standard deviation. In the case of A and other
operational measures that follow a symmetrical density, these are
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standardized in terms of the mean and standard deviation. Thus, we
achieve a scaling procedure in which all operational attributes have
unit variance; all components contribute approximately as much
as the similarity measure.
4.2.2. Personality traits data
The dataset for the personality trait assessment represents psychometric information that captures the sales agent’s personality
dimensions when he applies for the job. We used ﬁve psychological factors: Extroversion (E), Agreeableness (A), Conscientiousness
(C), Neuroticism (N) (or emotional stability) and Openness to experience (O). These factors constitute the ﬁve-factor model (FFM) of
personality [6], which has been shown to have convergent and
discriminant validity among a variety of instruments, samples
from different cultures and different ages [39,40]. Additionally, the
researchers agree that these ﬁve factors are robust descriptors of
personality and therefore serve as a taxonomy to classify personality attributes [41].
The following descriptions of the ﬁve factors are based on [6]
and [7]. The trait of Extraversion is associated with being sociable,
talkative, assertive in conversations and generally with an extroverted personality. Individuals with low levels of extroversion are
usually reserved, withdrawn or shy. Agreeableness is associated
with individuals who are cooperative, reliable, soft-hearted and
tolerant. At the end of this dimension are individuals who are indifferent, self-centered and hostile. High levels of Conscientiouness
are related to results-oriented individuals who are well organized
and think things through. The traits associated with Neuroticism
are related to anxiety, a tendency to depression, anger, insecurity,
frustration and guilt. In general, high N scorers experience chronic
negative effects that give rise to psychiatric disorders [42]. The trait
of Openness has to do with the subject’s ability to be imaginative,
intelligent, perceptive and artistically sensitive.
A 30-item scale was used obtained from The International Personality Item Pool (IPIP) [43,44], which has been translated into
different languages including Spanish. IPIP scales are listed at the
IPIP website (http://ipip.ori.org). Of the 30 items, 5 are used to
measure Extraversion, 5 Agreeableness, 6 Conscientiousness, 8 Neuroticism and 6 Openness.3 Table 1 shows the items used to measure
each factor on a scale from 1 to 5, where 1 means Absolutely agree
and 5 means Strongly disagree.
All the personality attributes are treated as continuous variables. All follow approximately symmetrical distributions since we
followed the scaling procedure, taking the mean and standard deviation of the data as scaling measurements.
5. Experiment results
5.1. Topology of the network and learning conﬁguration
There is no explicit rule that can deﬁne the number of neurons,
the length or width of the map. One heuristic consists of using the
squared root of the instance number multiplied by ﬁve [47]. For the
test sample size (10% of the total sample), this is 101 units. Different
simulations with different numbers of units (between 30 and 100)
did not reveal any signiﬁcant changes in the performance of the
classiﬁer. Finally, a total of 36 neurons was taken as an option, with

3
Although there are more extensive versions of the FFM measurement scales,
we opted for a short version of the instrument to avoid interfering with the normal
recruitment process and applicant induction, considering that the application of
personality measurement instruments is not part of the company’s policy. In any
case, a conﬁrmatory factor analysis [45,46] reveals that the ﬁve factors emerge and
load satisfactorily on the items of each dimension. For more information, contact
the corresponding author.
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Table 1
Items for each factor measurement.
Factor

(sign) Items

E

(+) Am the life of the party
(+) Love to be in places with a lot of people
(+) Feel comfortable around people
(+) Talk to a lot of different people at parties
(+) Don’t like being the center of attention
(+) Sympathize with others’ feelings
(+) Feel others’ emotions
(+) Inquire about others’ well-being
(+) Am interested in people
(+) Worry for other people that are worst than me
(+) Do things according to a plan
(+) Am exacting in my work
(+) Pay attention to details
(+) Make plans and stick to them
(−) Don’t do things according to a plan
(+) Follow a schedule
(+) Worry about things
(−) Am not easily bothered by things
(+) Act according to my mood at the moment
(+) Have frequent mood swings
(+) Change my mood a lot
(+) Get irritated easily
(−) Am relaxed most of the time
(−) Am not easily bothered by things
(+) Be courious about things
(+) Love to think up new ways of doing things
(+) Love to read challenging material
(+) Love to think up new ways of doing things
(+) Spend time reﬂecting on things
(+) Like to hear new ideas and to discover the unknown

A

C

N

O

a 6×6 conﬁguration, this conﬁguration being the one that left the
least number of cells empty, and at the same time a greater number of instances associated with each cell. We also varied the initial
value of the parameter ˛, ﬁnding that with ˛0 = 0 .9 a better performance was obtained in accuracy, recall and precision. The learning
rate was left at the beginning in 0. 05 and decreased linearly to 0.
01. The initial codebook was randomly selected from the training
dataset.
5.2. Performance measures of the classiﬁer
In order to evaluate the performance of the XY-Fused Network
classiﬁer, we based the measures on the confusion matrix. For
binary classiﬁcation, the components of a confusion matrix are
as follows: tp: true positive hits, tn: true negative rejections, fp:
false positive false alarms, and fn: false negative misses. Thus we
considered the following three measures [48]:
• Accuracy: Represents the overall effectiveness of the classiﬁer.
It is the ratio of the correctly classiﬁed instances over the total
instances. The accuracy is computed as:
tp + tn
tp + fn + fp + tn
• Precision: Represents the machine’s degree of fulﬁllment to classify the positive instances correctly. It is the ratio of the instances
classiﬁed correctly as positive and the total instances classiﬁed
as positive. It is calculated as:
tp
tp + fp
• Recall: Represents the effectiveness of the classiﬁer to identify positive instances. It is the ratio of the instances classiﬁed
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Table 2
Datasets for XY-Fused Network evaluations. For Th, Ec and Fr we took t = 1, 2 (ﬁrst
and second month respectively).

Recall values
0.8
0.7

Set

Content

Attributes

S1
S2
S3
S4

Only Operational
Only Operational
Operational and personality
Operational and personality

A1 ,A2 , A
S1 ∪ {Tht , Ect , Frt }
S2 ∪ {E, A, C, N, O}
S1 ∪ A × {E, A, C, N, O}

0.6
0.5
0.4
S1

correctly as positive and the total positive instances. It is calculated as:
tp
tp + fn

S2

S3

S4

S3

S4

S3

S4

Precision values
0.8
0.7
0.6
0.5

All the measures described vary between 0 and +1, where a value
equal to +1 indicates a perfect classiﬁcation.

0.4
S1

S2

Accuracy values

5.3. Classiﬁer results

0.8

We conducted several simulations to discover the combination
of attributes that performs best as well as the least number of
attributes that does not degenerate the predictive capacity. For this,
we formed four datasets that have their origin in the original sample
of 479 instances. The datasets only differ in the attributes used as
predictive variables. We deﬁned the minimal set S1 , the operational
S2 , the operational with personality S3 , and ﬁnally the interaction
dataset S4 . The ﬁrst contains only the ﬁrst two months of approved
production (A1 and A2 ) and the production difference (A). The
second contains all the operational performance information. The
third includes all the operational and personality information, and
ﬁnally the fourth is the ﬁrst set plus the interactions between A
and each factor of personality. Table 2 shows the summary of the
dataset.
These data conﬁgurations are used in order to compare the
performance between operational objective variables and those of
personality and also to observe how this last set of information used
through interactions produces an improvement in the classiﬁer’s
ability to discriminate.
Each dataset was used to obtain a random training sample corresponding to 90% of the total sample, with the remaining 10% being
left as the test sample. A value of recall, precision and accuracy
was obtained from the latter sample. This process was repeated
50 times to obtain an estimator from each of the three performance measures. The results from the different datasets are given
in Table 3.
The results in bar plots are shown in Fig. 4. The performance of
the S1 dataset can be considered a base case for the sake of comparison. It is observed that this is the one that obtained the worst
results in each of the measures. It was found that the performance
in terms of precision showed no signiﬁcant differences between
the S1 and S2 datasets (m =−0. 018, p > 0 .10). There were, however, differences in recall and accuracy (m =−0. 047, p < 0 .05 for
recall, and m =−0. 028, p < 0 .05 for accuracy). This indicates that
the attributes operations of talked hours, effective contacts and
Table 3
Performance of the XY-Fused Network for each of the datasets. Values are the means
and standard deviations on parenthesis.
Set

Recall

Precision

Accuracy

S1
S2
S3
S4

0.649 (0.110)
0.696 (0.095)
0.674 (0.108)
0.693 (0.119)

0.625 (0.112)
0.643 (0.080)
0.657 (0.111)
0.747 (0.104)

0.623 (0.076)
0.651 (0.052)
0.645 (0.065)
0.715 (0.073)

0.7
0.6
0.5
0.4
S1

S2

Fig. 4. Barplots of performance (recall, precision and accuracy) for each dataset.

ﬁnished records can marginally improve the performance of the
classiﬁer in this issue of turnover.
A t-test was performed on the results of sets S2 and S3
(m = 0 .022, p > 0 .10 for recall, m =−0. 014, p > 0 .10 for precision,
and m = 0 .006, p > 0 .10). These results suggest that personality
by itself cannot predict turnover; therefore, the addition of personality information as a main effect to dataset S2 does not produce
signiﬁcant changes in performance.
Of the four datasets, it is observed that S2 and S4 datasets are
the best in terms of classiﬁcation performance. A t-test was performed between the results of these two datasets. We found that in
terms of recall, there were no signiﬁcant differences (m = 0 .044,
p > 0 .10). However, in terms of precision and accuracy, the performances were signiﬁcantly different (m =−0. 122, p < 0 .001 for
precision, m =−0. 092, p < 0 .001 for accuracy). Something similar happens when comparing S3 and S4 . Precision and accuracy for
S4 are statistically higher than for S3 dataset, but not in recall (for
recall m = 0 .019, p > 0 .10; for precision, m = 0 .082, p < 0 .001; for
accuracy, m =−0. 074, p < 0 .001). This indicates that incorporating
personality information in terms of interaction with the variation
of each sales agent’s production time improves the overall capacity
of the classiﬁer to discriminate between stayers and leavers after
two months of work.
To compare the performance of our XY-Fused Network classiﬁer
with another classiﬁcation algorithm, we took the S4 dataset, which
offers the best performance among the datasets, and used it to train
classiﬁcation trees using the C4.5 algorithm [49] and Naive Bayes
model. After 50 simulations, the means (and standard deviations)
of recall, precision and accuracy were 0. 736(0. 106), 0. 742(0. 104)
and 0. 735(0. 063), respectively for classiﬁcation trees, and 0. 435(0.
101), 0. 773(0. 103) and 0. 641(0. 074), respectively for Naive Bayes.
For classiﬁcation trees, the performance is very similar to the SOMbased classiﬁer, except in precision, for which the decision tree does
not surpass its competitor. Clearly, Naive Bayes does not achieve
good results for recall and accuracy.
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Fig. 5. A trained XY-SOM network over the S4 dataset.
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Fig. 6. Values of unknown levels of E and C (y-axes) given the set of known information A1 (x-axes), for class 1 (left side) and 0 (right side).

Our best results in terms of prediction of our classiﬁer, were
incorporating information from personality traits of each agent.
Speciﬁcally, through the interaction between the personality traits
and production difference. The best results were 0. 693, 0. 747 and 0.
715 for recall, precision and accuracy respectively. In the same line
of research for turnover of sales agents, [19] achieved very promising performance using Random Forest and Naive Bayes classiﬁers.
Their best classiﬁer obtained 0. 837, 0. 813 and 0. 856 for recall,
precision and accuracy respectively. In another study, [4] used a

classiﬁer based on Naive Bayes algorithm to predict job performance of sales agents of a call center achieving values of 0. 792 and
0. 832 respectively for recall and precision. As can be seen, our work
does not present a substantial improvement in terms of predictive
performance (even when it is competitive with other techniques).
The greatest innovation of this work is a methodological proposal
to have a better understanding of the relationship between variables that explain the phenomenon of turnover. Unlike a black box
model, in which we only get a prediction, our proposal based on
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Fig. 7. Values of unknown levels of A, N and O given the set of known information A1 for class 1 (left side) and 0 (right side).

XY-Fused Network, allows us to visualize what is or should be the
behavior of a variable, for some response on an output variable.
This is precisely what we will discuss in the next section.
5.4. Analysis of class-changes results
To gain a better understanding of which conditions favor a
higher likelihood of leaving or staying in the organization, we
performed a what-if analysis with the idea of process modeling
described in Section 3.2. Also we want to explore which special
conditions trigger an agent’s change of state (class-change of an
instance). We want to know under what condition this agent will
change his state (leaving or staying). Speciﬁcally, to analyze what
conditions in the agent’s personality are favorable to a prolonged
stay in the organization (more than two months), given a set of predeﬁned operational attributes. To do this, we used the S4 dataset,
which had the best performance in predicting an instance in the
class to which it belongs.
For example, let us suppose that a ﬁctitious sales agent with
production A1 and A2 (for simplicity we consider A1 and A2 the
medians of production in the ﬁrst and the second month of work).

We wish to know what the agent’s level of extroversion (E) is that
makes him more inclined to stay (or leave) the organization under
the conditions A > 0 and A < 0. In the ﬁrst case, the difference is
positive, and in the third case, the individual observes a decrease
in his income. What levels of extroversion makes the agent more
resistant to leaving the call center when A < 0? A trained XY-Fused
Network and a local linear estimation of the Voronoi sets using the
S4 dataset can answer this question. Fig. 5 shows some of the SOM
components of each predictor variable (X-Map) and the Y-Map.
The curves represented in Fig. 6 have been smoothed out to give
a better idea of the non-linear relations of the response variable.
First, we analyzed the trait of personality: Extroversion. This trait
has been shown to be related to success in sales activities [7,50].
The results of the predictions of Extroversion (E) under different
levels of approved production in the ﬁrst month of work A1 appear
in the ﬁrst row of Fig. 6. On the left are the predictions of Extroversion (E) so the individual belongs to class 1 (stay in the call center),
whereas on the right are the predictions of E so the individual
belongs to class 0 (leave the call center). In both cases, the prediction is made for three different levels of production difference
A. High level (95th percentile) and low level (5th percentile).
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First, it is observed that regardless of the level of A, the
response of E given different levels of A1 is similar. This is valid both
for class 1 and class 0. Second, for class 1, it is interesting to note that
when the subject has an excellent performance in approved production A1 > 1.5,4 the levels of Extroversion of the individual must be
high, close to 16. However, for class 0, the opposite occurs, and the
levels of this attribute must be very low, approximately equivalent
to 14 points. To complement this point, the mean of Extroversion of
the total sample is 15. 04 points respectively, which is represented
by the dotted line in Fig. 6. This is to say, a sales agent with a very
good performance in the ﬁrst month of work and a high level of
Extroversion is highly likely to stay in the call center. By contrast,
a sales agent with a good performance in the ﬁrst month of work,
but very low levels of Extroversion, is not certain to stay in the call
center.
A similar analysis can be performed on each of the other personality traits. It has also been found that individuals with high
levels of Conscientiousness are positively correlated with high performance levels for most jobs [51,52]. What stands out in Fig. 6
(second row) for this trait is that an individual with A > 0 and an
elevated level of Conscientiousness is more likely to stay in the call
center than another individual with a low level of Conscientiousness.
This is clear for individuals who have approximately 0 ≤ A1 ≤ 2. For
other levels of A and A1 simple patterns cannot be seen.
Fig. 7 shows the responses of A, N and O with different levels of
A1 for class changes 0 and 1. In these cases, complex relations are
observed and there does not seem to be much difference between
the states of stayers and leavers. For example, when observing the
functions of Agreeableness in the states 0 and 1, it is difﬁcult to differentiate a behavior of this personality trait for a stayer or a leaver
at a given level of production in the ﬁrst month (A1 ). In any case,
it is observed that regardless of the level of A, the levels of these
personality traits vary similar with different levels of A1 , which indicates that there is no interaction between these personality traits
and loss aversion.
6. Conclusion
In this work we have shown the capacity of the SOM not only to
discover non-linear patterns in the set of operational and personality attributes of sales agents in a call center, but also as a means of
classiﬁcation among agents who manage to remain in the organization after a test period from those who do not manage to remain
for this time. Additionally, we showed that the trained X-Map and
Y-Map from the XY-Fused Network can be used to predict any set of
attributes with no commitments between knowing what an independent variable is and what the independent variables are for a
certain class in particular.
We conclude with the following three comments: First, the performance of the classiﬁer in terms of recall, accuracy and precision
was slightly higher than 70%, which for this kind of problem could
be considered promising in terms of the cost that high turnover
rates in the call center industry imply.
Second, the approach of process monitoring in industrial settings [37,35,36] in which the SOM is considered a non-linear
regression of the training dataset, has proved to be useful for discovering the relations between the known input and unknown input
attributes. Combining this approach with that of the XY-Fused Network, it was possible to estimate personality levels so that a sales

4
The A1 values have been standardized according to the following transformaA −median
, where median and sd are the median and standard deviation of
tion: 1 sd
the distribution of the approved production, respectively. Since this distribution is
heavily slanted to the right, the decision was made to use the median as the measure
of central tendency rather than the average.
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agent remains in a state of leaving or staying in the call center given
the levels of approved production in his ﬁrst month of work. This
kind of information is particularly important because it can help
establish preventive policies to reduce the turnover rate among
sales agents. These ﬁndings are interesting because they may point
to staff selection policies. For example, individuals with certain
types of personality traits adjust better to the type of work required
in a call center and are therefore more likely to stay longer and
not leave early. We have found that for Extroversion and Conscientiousness a certain relation was found between these levels of
personality and the possibility of turnover given different performance levels. This is consistent with the organizational psychology
literature, which has found that these two personality traits correlate with performance. However, the reduced sample size does not
permit us to establish similar patterns among others personality
traits such as Agreeableness, Neuroticism and Openness to experience.
Therefore, a systematic compilation of psychometric information
would be needed to increase the volume of information that enables
reliable behavior patterns to be found for such problems and not
just performance information.
Third, we demonstrated that the combined use of psychometric information (self-assessment of personality traits) and objective
information (operational performance) aids in enhancing the predictive performance of the XY-Fused Network. This is important
because it means that the personality information (at least in this
type of work) helps to improve the predictive capacity of the network, and consequently it is possible to have a better estimation
of the relations that can be derived from process monitoring. For
example, a novel aspect of this study has been to ﬁnd the levels of
Extroversion that an agent had to have to remain in the call center
for longer than two months when he had a good performance in
his ﬁrst month of work. In other words, a call center applicant with
higher levels of Extroversion is better suited to stay in the call center
than others with low levels. If we consider that personality traits
are information that an individual possesses before being tested,
we consider that this architecture could be a great advantage for
the organization to identify personality proﬁles that best suit this
type of work.
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