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Abstract

Insurance companies play an important role in a healthy economy, as they provide a security service to goods and
people. The Venezuelan insurance market has faced great challenges in the last decades in a narrow environment,
where knowing the closest competitors is of utmost importance. The public governing body that regulates the
comparison between insurers has only made use of the premiums charged as a rating factor, however this governing
body makes public an additional range of indicators, for this research we have selected five of these indicators
from the last three years and contrast whether the premiums charged represent a unique rating characteristic.
Several machine learning methods have been applied for this study, from dimensionality reduction techniques,
unsupervised clustering and optimal clustering performance criteria; all of them have allowed us to discover the
hidden patterns of the data and present a clustering that reaches 100% accuracy, of the same number of classes as
the government entity; which reflect the naturalness of the data as opposed to the arbitrary one given by this same
entity. From its derived groupings, it is possible to affirm that the parameter of premiums collected does not
represent a determining grouping characteristic, allowing the Venezuelan insurance market to compare itself
efficiently with its competitors.

Keywords: Machine Learning, PCA, Mixture of Gaussian, K-means, BIC, AIC, Insures.

I. INTRODUCTION The regulatory framework for the insurance sector
The purpose of insurance is to compensate for in Europe is established through Solvency Il, which
damages that may occur when an event occurs, which sets out the guidelines and rules that regulate and serve
is why the insurance industry plays an important role  to supervise the insurance and reinsurance industry,
in the economy of countries, due to the relief effect it significantly helping the stability of this fundamental
provides, becoming an ally in economic stability in pillar of the economy. All these mechanisms and ways
times of crisis. As an example of this importance, it is of classifying insurance companies help the
pertinent to mention that, in Colombia, by 2021, this  supervisory bodies to carry out the necessary
industry contributed 3.72% of GDP, a figure that is on supervision to which they are obliged. However, this
average at the regional level [1]. Noting that the  technicality does not penetrate the players in the
insurance industry throughout history has been an ally industry, which is why simpler indicators are used to
in the development of countries, no economy that has classify the companies, serving as a sales mechanism
flourished has done so without the support of this  and a commercial strategy that reaches future
important industry [2]. insurance purchasers. The figures used in the study
The development of the insurance sector goes hand ~ correspond to those generated in several consecutive
in hand with the economic development of any years by the Superintendency of Insurance
economy [3], which is why it is vital to be able tocarry ~ SUDEASEG the governing body of the sector in
out a classification that leads to the comparison of Venezuela [4].
insurance companies; in practice, this classification is The evolution of technology has come on leaps and
done by companies specialized in credit and risk rating. bounds, helping companies to have more and more
These agencies evaluate certain aspects related to the ~ sophisticated and innovative tools at their disposal, as
financial soundness and capacity of the insurer to meet ~ well as to store a large and varied amount of
its obligations to its policyholders, and then give them information, which is processed through modern
arating such as "A+", "AA-", "B", etc., where a higher ~ computer systems. Similarly, this technological
rating indicates higher solvency and lower risk. advance offers them novel analysis techniques, but it
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has also created a challenge for them; to be able to
make use of this enormous amount of data for business
and commercial decision making. In view of this
challenge, the aim of this work is to determine whether
the way in which the classification of insurance
companies categorized by means of the premiums
charged has been carried out is statistically correct; by
applying a set of common statistical techniques of
machine learning, the aim is to find the similarity
between the insurance companies operating in the
Venezuelan market, taking into account the indices that
are regularly published by the sector's regulatory body,
i.e. the aim is to create groups of companies that
present similar characteristics, and this knowledge can
provide advantages, among which we can mention:
Identify strengths and weaknesses, detect market
opportunities, improve marketing strategy, promote
innovation, prepare for changes in the market, learn
from the mistakes of the competition. This will allow
you to take certain actions that will lead to your
business growth. Among the actions that could be
implemented are: improving your sales channels by
observing how the competition does it, where to
establish new offices, observing the market niche of
your competitors and thereby increasing your sales,
and increasing the network of commercial allies that
offer the insurer [5]. Ultimately, having a thorough
understanding of the competition is fundamental to
survive in highly competitive markets such as the
Venezuelan insurance market [6].

Table 1 shows the variables that take part in the
statistical analysis. The data that are part of this study
correspond to those published by the governing body
in the period 2020-2022, being three years with six
variables per year, with which we will have a data set

balance (profit or loss) of operations (profit or
loss) of the company.

SP: Paids Claim
Total amount of claims indemnified by the
insurance company during a given period, this
amount is reflected net of claims salvage.

ST: Total Claims
Refers to the sum of claims paid plus reserves for
benefits and gross outstanding claims and
reserves for benefits and gross outstanding
claims.

The Table 2 shows the classification made in the
year 2022 by the internal regulatory body
(SUDEASEG) of the insurers present in the study, it
should be noted that this classification is made with the
only parameter of the premiums collected in that year
and the number of insurers belonging to its four
different groupings, corresponds to a finite number of
elements which are: The first three groupings have ten
insurers each in order of importance to the mentioned
item, the last grouping compiles all other insurers.

The data of the study variables show a high skew
(to the right), lower values, which is a common feature
in this type of variables. A factor that must be taken
into account is represented by one of the monetary
measures adopted by the Venezuelan government,
which consisted of eliminating zeros from the
currency, which creates a distortion when comparing
variables from different years, for this reason
transformations must be made on the data to avoid this
distortion see equation 1, the range must be [0-1].

Table 2. SUDEASEG's classification of \Venezuelan

made up of 18 variables. With respect to insurers, the insurance companies in 2022
information published corresponds to 50 insu(ers, Insurance Class | 1D Insurance Class
however, only 42 of these are part of the study, since ID : _
the other 8 insurers do not present data or are at zero in 1 Altamira 2 | 23| Mercant 1
a large number of years, which will cause problems 2 American 4|2 Mundial 3
when evaluating these indicators in the different j ':”d.es 2125 | NuevoMundo | 3
Lo trio 2 26 Occidental 3
methods applle_d in the study. _ 5 Avila 7 27 Oceanica 1
Table 1. Variables to be analyzed accompanied by 5 Banesco T | 28 Oriental 7
their description. 7 BBVA 3 |29 | Piramide 1
GC: Commissions and acquisition costs 8 | Bolivariana 4 |30 Previsora 2
Represents the cost of insurance intermediation, 9 Capital 4 |31 Primus 4
arising from the payment of commissions and 1(1) Cca;fg:is é gg Pg’jgﬁggs g
bonuses to its insurance producers. 5 1 Catatumbo 3 T2 Real >
GA: Administrative costs 13 | Constitucion 1 35 | Uniseguros 3
Total amount paid to cover the cost of total 14 | Corporativos 4 36 Universal 4
administrative expenses, including staff costs and 15 Estar 2| 37 [ Universitas 1
overheads incurred in the conduct of its insurance 16 Fé 3 |38 [ Venezolana 2
business. 17 Hispana 1 39 Venezuela 2
. 18 Horizonte 2 40 Virgen 4
. PC: Premlums POIIECted 19 [ Iberoamericana 4 41 Vita?icia 4
Fee premium paid by the insured to cover the 20 Interbank 7 |22 Vivir 7
coverage of a specific risk. 21 | _Internacional 1|43 Zuma 3
SO: Balance of operations 22 Mapfre 1
It is the positive or negative balance resulting
from all the insurance undertaking's operations of X, —min(Xj) (1)

the insurance undertaking at the end of the period
is obtained by adding together the net technical
result and the general the general management
result, giving the positive or negative operating
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2= max (X )-min(X)

This normalization allows algorithms that make use
of distances in their calculations, which, in case of not



making use of such normalization, the results could be
affected by the existence of discrepancy between the
magnitudes present in the data, on the other hand, by
performing the transformation each variable is given
the same importance when they are used in any
clustering algorithm.

An important factor in our study is the correlation
that may exist between the variables; therefore, a heat
map is presented that identifies this relationship in the
data; knowing the relationship that may exist between
the variables will allow us to make the necessary
adjustments using the computer learning methods that
have been applied in the search for dimensional
reduction of the variables, an important factor in this

study.
r:cov(x,y) Z(Xi_i)(yi_y) (2)

5,8, (n-1)s,5,

We have used the Pearson correlation statistic,
defined in Equation 2, which allows us to measure or
observe the relationship that exists between each pair
of variables. This statistic indicates a null value as a
non-existent relationship between the variables being
measured, and a value close to unity (positive or
negative) expresses a relationship (positive or
negative) between the variables being compared. By
calculating the correlation between each pair of
variables using this statistic, the correlation matrix of
the variables can be constructed, as shown in Figure 1.

The results obtained in the matrix clearly reflect
a high correlation between the variables. This
inconvenience must be dealt with, otherwise it can
cause problems in the analysis and interpretation of the
results obtained. Some steps that can be taken to
minimize the problem are as follows Analyze the
nature of the correlation (positive or negative) or opt
for a dimensionality reduction analysis.

GA 2020 o7z 079 082 048 027 009 062 0.81 0.76 0.67 067 0.75 0.71 0.7 0.85 0.79 082 1

GA 2021 -{0.91 0.94 0.91 026 0.39 0.14 068 0.91 0.71 0.86 0.86 091 0.89 0.92 0.69 0.94 1 0.92
GA 2022 —oe7 097 094 0.31 033 0.08 0.61 0.89 0.56 0.95 0.94 0.94 0.97 0.96 089 1 004 0.79
CG 2020 —o.89 002 0.96 028 033 041 0.51 0.79 0.47 0.89 0.88 0.91 0.59 0.93 1 0.89 0.59 085
CG 2021 {097 0.98 0.94 035 0.48 018 0.64 0.85 0.49 0.97 0.84 0.97 0.88 1 083 0.96 0.82 077
CG 2022 - 1 o098 095 0.37 0.39 013 0.53 0.86 047 0.99 0.88 0.97 1 0.98 0.89 0.97 0.89 0.71
SP 2020 0.8 0.99 0.95 0.34 0.41 013 0.52 0.92 0.58 0.98 0.98 1 0.97 0.97 0.81 0.94 0.91 0.75
SP 2021 {08 0.07 0.95 0.35 0.32 0.08 0.42 001 0.51 0.69 1 0.08 098 0.04 0.88 0.9¢ 0.86 0.67
SP 2022 —0.99 0.98 0.94 037 041 094 051 086 0.45 1 099 098 0.99 0.97 0.89 0.95 0.86 067
ST 2020 {049 0.56 0.54 0.05 0.08 001 0.32 0.83 1 045 0.51 0.58 047 0.49 047 056 0.71 0.76
ST 2021 {o.88 0.91 0.66 0.25 0.24 0.05 043 1 0.83 0.86 0.91 0.92 0.86 0.85 0.79 0.89 0.91 0.81
ST 2022 {0.54 057 0.46 0.16 056 023 1 0.43 0.2 0.5 042 052 0.53 0.64 0.51 0.61 0.68 0.62
SO 2020 {042 0:42 007 088 053 1 023 0.5 0.04 0.14 041 013 0.3 018 041 0.09 0.14 0.09
S0 2021 {037 039 026 0.5 1 053 058 0.24 0.08 D41 0.32 041 0.39 0.49 0.33 033 0.39 .27
50 2022 {035 0.33 0.28 1 05 0.8 016 0.25 0.05 0.37 0.35 0.34 0.37 0.35 0.28 0.31 0.26 0.15
PC 2020 —0es5 0.97 1 0.20 0.26 0.07 0.46 0.88 0.54 0.84 0.95 0.95 0.95 0.94 0.95 0.4 0.91 0.82
PC 2021 -oss 1 097 033 0.39 0.42 0.57 0.91 0.56 0.98 0.97 0.99 0.86 0.98 0.92 0.97 094 079

PC 2022 — 1 099 0.95 035 0.37 0.12 054 0.88 0.49 0.99 098 098 1 0.97 0.89 097 08 072
T T T T T T T T T T T T T T T T T T
oSN T O N T O N T O N T O N T O N T O
REEEREEEEEEEEREEERE
Figure 1. Correlation matrix of study variables
1. RESEARCH METHODS

2.1 Machine Learning

Machine Learning (ML) is one of the most
extensive and potential areas of Artificial Intelligence
(Al), where one of the objectives of ML is the
development of the ability to learn and provide expert
recommendations in a narrow domain by relying on
adaptive and learning methods or algorithms; the vast
majority of these techniques are agglomerated in two
large groups: Supervised and Unsupervised [7].

The first group of these decide the classification
problem, when certain objects are known that make up
finite groups and these allow an infinite set of objects
to be put together, generally this classification is
carried out by an expert. This group is subdivided into
linear and non-linear classifiers, being representative
of the first subgroup: the Perceptron, Bayesian
Classifier, Linear Discriminant Analysis, etc. [8]; and
of the second subgroup: Neural Networks, Support

Vector Machines, Logistic Regression, Linear
Discriminant Analysis and so on [9].
Unsupervised ML  methods solve the

classification-clustering problem by considering the
range of initial indeterminate objects to be clustered
with the help of an automatic process based on their
properties; the number of clusters can be obtained
automatically or initially determined by [10]. From this
classification, typical methods are: K-means (K-
means), k-medians (k-medians), Fuzzy Clustering
(Fuzzy C-Means, Soft K-means), K harmonic means
(KHM), among others [11].

Applications of ML in various areas of
knowledge are varied, these include physics [12],
medical physics [13], robotics [14], mining [15],
agriculture [16], biomedicine [17], genetics [18] ,
medical [19, 20, 21].

2.2 Principal Component Analysis

When studying a phenomenon, it is common to
look for as many variables as possible that reflect the
nature of the experiment to be analyzed,; this generally
leads to an increase in the calculation of correlation
coefficients and a strong correlation between the
variables under study, as well as a difficult
visualization between them. The concept of
information entropy, which relates to the fact that the
more information there is, the greater the variability of
the data, should not be overlooked.

The principal component analysis (PCA)
technique studies the relationship between p correlated
variables of an original set, which are transformed into
a new set of uncorrelated variables, known as the
principal component set [22].

The new variables are linear combinations of the
previous ones, with the characteristic of being ordered
according to the variability they represent of the data;
if the original data are not uncorrelated, we will have a
smaller set of p variables that represent the highest
variability of the data. Algorithm 1 shows the
pseudocode of this technique, based on the calculation
of eigenvalues and eigenvectors.



Algorithm 1. Principal Component Analysis

Algorithm 2. k Means Clustering

Input : Dataset D ={x,,...,X,}
Dimension d ' of the lower
dimensional space.

Output : The projection matrix
W* = (W, W,,...,W,.)

[

1 onm
1 Center all samples x, < X ——Z X
m
2 Compute the covariance matrix XX"
3 Perform eigenvalue decomposition on
the covariance matrix XX"

4 Take the eigenvectors w,,w,,...,w

d

corresponding to the d 'largest eigenvalues

2.3 K-means clustering algorithm

The K-means clustering algorithm was proposed
by Mac Queen in 1967 [23], other authors such as
Forgy, Lloyd, Hartigan and Wong worked on Mac
Queen's algorithm in order to Mac Queen's algorithm,
with the aim of improving his proposal. The main use
of this algorithm is to obtain qualitative and
guantitative information on large multivariate datasets
that helps to find only one definitive clustering of the
data [24].

The K-means algorithm is the simplest
unsupervised algorithm that solves clustering
problems, this algorithm is based on defining k
centroids for each cluster, given a certain number of
clusters; these centroids must be placed in a cautious
manner because different locations may cause a
different result, the more distant the centroid is
between clusters the better the result will be.
Subsequently, each point of the clustering is then taken
to associate it with the nearest centroid, in case a point
does not exist, the clustering is performed with those
values, however, it must be those values, however, the
resulting k new centroids of the previous resulting
clusters must be recalculated, with these new centroids
we have to assemble the set of with the nearest new
centroid, the k new centroids will change their location
step by step until will change their location step by step
until there is no longer any change and the centroid
does not change its location [25].

2 (3)

k

PRSI

i=1 xeC;

Cy =

K-Means has an optimal iterative nature, whose
purpose is to minimize Equation 3, which represents
the proximity of an item to be classified and the mean
of a cluster, a small value of which indicates a higher
intra-cluster similarity; the development of this method
is presented in Algorithm 2.
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Input : Dataset D ={Xx,..., X}
Number of clusters k

Output : Clusters C={C,,...,C,}
1 Choose k random ,k « {p,, u,, ;... 1, }
2 While C #C
3 Ci=g; (1<i<k)
4 for j=12,..m
Compute the distance between X
and media vector
5 d; <_||Xj _'”"z
Cluster Labeling x,
6 A, «argmind,; ie{12,.,k}
Move X, its corresponding cluster
7 CM<—C“U{Xi}
end for
9 fori=12,..k
Compute the distance between X

[ee)

10 1

= —_— X

”l |C| | xeC;

11 if ﬂ; # p, then
12 ,u; —H,
13 else
14 Leave media vector without change
15 end if
16 endfor

2.4 Mixture of Gaussian Clustering

Unlike k-means, Mixture-of-Gaussian clustering
does not use prototype vectors but probabilistic models
to represent clustering structures [26]. This technique
is a particular type of unsupervised learning algorithm,
so called because it assumes that the data points to be
clustered are not labelled with the value to be
predicted. This method is commonly expressed as a
mixture of Gaussians, which can be written as a linear
superposition of Gaussians, it’s noticed in Equation 4.

p() = YN (x4.) (4)

where «; is called the proportion or weight of the
mixture and must satisfy that, 0<e, <1 and >} & =1,

Each component represents an individual
variable. Each Gaussian is a probability density
function that defines the probability of a data value
within a given distribution. The model assigns a
probability to each cluster, indicating the likelihood
that the data point belongs to that class. The Mixture-
of-Gaussian clustering algorithm is given in Algorithm
3.



Algorithm 3. Mixture of Gaussian Clustering

Input : Dataset D ={x,..., X, }
Number of clusters k

Output : Clusters C ={C,,...,C,}

1Choose k random ,k < {,, #,, X, }
2repeat
3 for j=12,..m

Compute the posterior probabilities x;

4 7, =p(z, =i|x,)(1<i<k)
5 endfor

6 for j=12,..,k

7

Compute de updated mean vector

"= ZT:1yiin
ZL}/N

8 Compute de updated covariance matrix
m . AT
s = 21:17/11 (Xj 4 )(xi 7'”i)
ZL 7

9 Compute the updated mixture coefficients:
Oli'

1 <n
szziu
10 endfor

11 Update{a,, , Z,[1<i <k} to{a;, u, Z,[1<i <k|
12 until The termination condition is met

13C, =@; (1<i<k)

14 fori=212,...m

15 Determine the cluster label 4, of X,

16 Move x; to the corresponding cluster
C,i=Cy U{XJ}

17 end for

Algorithm 3 presents the Gaussian Mixture
Clustering model. It starts by initializing the
parameters in line 1. Then, in lines 2-12, the parameters
are updated iteratively until the maximum number of
iterations is reached or the log-likelihood function
stops increasing, i.e. its increment is small, giving way
to the clustering assignments performed in lines 14-17.

2.5 Agglomerative Hierarchical Clustering

Hierarchical clustering aims to create clustered
structures to form a new one or to split an existing one
and give rise to underlying ones, being iterative in
nature it forms by adopting an agglomerative (bottom-
up) or splitting (top-down) strategy [27].

AGNES (AGNES stands for AGglomerative
NESting) is a typical hierarchical clustering algorithm
that uses the bottom-up strategy. The algorithm first
considers each sample of the data set as an initial
clustering. Then, at each iteration, two closer clusters
are merged as a new cluster, and this process is
repeated until the number of clusters reaches the
desired value. The key is how to measure the distance
between clusters. Since each cluster is a set of data
points, we need to define a distance measure over sets.
The distance metrics of two clusters C, and C, are

defined in Equation 5,
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o (€.,C;) = min, dist(x.2)

dpe (C1,Cy) = max dist(x,2) (5)
1 .

davg (Ci‘Cj):W);CI ZEZC“J dISt(X, z)

Algorithm 4. AGglomerative NESting (AGNES)

Input: Dataset D ={x,,..., X, }
Cluster distance metric function d
Number of clusters k

Output: Clusters C={C,,...,C,}
1for j=1,2,..,.m
2 CJ:{Xi}

3 end for

4for j=12,...m
5 forj=i+1,..,
6 M(i,j)=d(c.C)
7 M(j,i):M(i,j)

8 endfor

9 end for

10g=m

11While q > k

12 Find two clusters C . and C with the shortest distance
13 Merge C,andC,.: C,.=C,UC,

14 for j=j*+1 j*+2,..,q

15 C =C,

16 end for

17 Delete j * th row and column of the distance Matrix M
18 for j=1,2,..,9-1

19 M(i",j)=d(c..c))

20 M(j.iT)=Mm(i",])

21 end for

22 g=q-1

23 end while

The minimum distance between two clusters is
determined by their nearest samples; the maximum
distance is determined by the farthest samples between
the clusters; and the average distance is determined by
all samples in both clusters.

When the distances between clusters are measured
by d... d.. or d,, the corresponding AGNES

avg

algorithms are called single linkage (maximum
similarity), complete linkage (minimum similarity) or
average linkage. respectively. The pseudocode of

AGNES is given in Algorithm 4.,

2.6 Optimal Clustering Criteria Akaike and
Bayesian Information Criteria

The aim is to minimize the AIC to obtain a
network with the best generalization, however, the root
mean square error (RMSE) statistics are expected to
improve gradually as more parameters are added to the
model, the AIC and BIC statistics penalize the model
for having more parameters and therefore tend to result
in more parsimonious models. Model selection is done
by looking for the minimum BIC value. It turns out that
the final form of this criterion is quite similar to that of
the AIC, but it is noted that the penalty due to the
number of model parameters is multiplied by the
natural logarithm value of the RMSE. Consequently,



the BIC is more biased than the AIC towards smaller
models [28].

The calculation of the criteria is shown in Equation 6.

AIC=nIn(RMSE)+2(p+q) (6)
BIC=nIn(RMSE)+(p+q)inn

Silhouette Criteria

The silhouette coefficient is a metric used to
calculate the goodness of a clustering technique; the
range is from -1 to 1. When the value of 1 is obtained
it means that the clusters are located in the center of the
assigned cluster, if it is O, the distance between clusters
is on the border, finally, if the value is minus 1, the
clusters are misassigned. This metric is based on
cluster geometry [29].

Silhouette function is shown in Equation 7,

S(1)= b(i)_a(l where
() max {a(i),b(i)}’ h
ali)=ig g, 2 40-1) (7)

Calinski-Harabasz Criteria

The Calinski-Harabasz criteria is based in the degree
of dispersion between clusters [29], this criterion is
shown on equation 8,

CH (k):w

where

W(k)(k-1)"
_ o 8
R ®)
ZI 12 HX _Xk !

Where K is the corresponding number of clusters, B(k)
is the inter-cluster divergence, W (k) is the intra-cluster
divergence and n is the samples. If B(k)’s value is

large, the degree of dispersion is high between cluster,
if w(k) is smaller, a closer relationship between

clusters exists. When CH (k) index is higher the
clustering effect is better.

I. RESULTS
Below are the performance plots with the normalized
data for the selected BIC, AIC, Silhouette and Calinski
metrics. These are grouped in pairs and accompanied
by the normalized absolute difference plot; the latter

2500 BIC  AIC 1000 BIC-AIC] 3000
2000 |
! 7 N
1500 L //_, | 2000
I ; |
1000 N 500 ".
500 / ’ ’
Vo 1000
0 | /
IIM‘
w0 | N 2000
i 0
1000 ki
! . ; . .
4. 68 10 2345678810
Classes Classes

helps us to estimate the number of clusters in which the
best performance is observed.

Figure 1. Left: Performance of BIC and AIC metrics. Right:
Normalized absolute difference of these metrics.

The graph of the BIC and AIC metrics in Figure 1 and
the pair of BIC and Calinski in Figure 2 share the value
of 4 clusters as the best for both combinations. In
contrast, the combination of BIC and Silhouette shown
in Figure 3 has a value of 5 clusters.

The above data on optimal metrics allow us to estimate
that between 4 and 5 clusters will be the best values
representing the hidden patterns of the quantitative
features of the insurers. The 18 indicators of the 43
insurers are reduced to 35% of them, i.e. 6 new
normalized characteristics that account for 99.1291%
of the variance of the data using the PCA technique.

BIC Calinski |BIC-Calinski|
2000 / 300 \ 1000
/
1 . : / )
o0 T 200 i ,
S R ' 500
; / A
L A -
e 100 Fond ",
1000
T 0 T T T
2 4 g 8 10 234567 8810
Classes Classes

Figure 2. Left: Performance of BIC and Calinski metrics.
Right: Normalized absolute difference of these metrics.

These data are clustered in search of these hidden
patterns, using the three selected unsupervised
classification methods; for both, optimal values of the
number of clusters are obtained with the metrics in
Figures 1-3.

The clustering obtained by the Mixture of Gaussian
method is defined as the ground truth, since this
method is an improvement of K-means and tends to
perform better than the AGNES method. This ground
truth is compared with the clusters obtained by the
other classification methods, which allows us to
estimate the similarity between them, using two
classical metrics for estimating the performance of
classification algorithms among the clusters obtained
by the selected algorithms.

The first of these is the confusion matrix, which is
a mechanism for evaluating the performance of a
machine learning algorithm. Where each row of the
matrix represents the instances of the expert class, the
columns represent the number of predictions of each
[30].

2500 BIC Silhouette § g% |BIC-Silhouette|
2000 | O o0 - 3000
1500 \\ // §;§ x //
1000 \\ P Eég - . / 2000
500 N : ! /
! - X Y
500 /\\ ,/ s \\ 8%%
1000 A - Egé o
2 4 8 s 0 2445678810
Classes Classes

Figure 3. Left: Performance of BIC and Silhouette metrics.
Right: Normalized absolute difference of these metrics.
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Accuracy is the second metric chosen, where q is
used to evaluate the performance of correct predictions
relative to the total number of elements, and is defined
in Equation 9.

(9)

True Positives + True Negatives

Accuracy =
y All Samples

K Means

Agglomerated Hierarchical

Figure 4. Confusion matrices for 4 clusters. Left: K Means.
Right: AGNES.

By their very nature, unsupervised clustering
techniques predict labels of dissimilar value, the latter
being required for the calculation of accuracy and
confusion matrices. This is solved by relabeling the
predictions given by the clustering method to be
compared and the ground truth one; the labels of the
latter are sorted in ascending order, creating blocks of
clusters; the indices of the vector of predictions
obtained are applied to the vector of predictions given
by the method to be compared. The process ends when,
for each block, the mode is obtained, this metric being
the new label: if the result is multimodal, the value of
the mode (least repeated in the other blocks) is
selected. If splices persist, they are broken randomly.

K Means

Agglomerated Hierarchical

Figure 5. Confusion matrices for 5 clusters. Left: K Means.
Right: AGNES.

The accuracy achieved by the two clustering
methods with respect to the ground truth by clustering
in four classes is 100% for both, this complete self-
recognition is observed in both confusion matrices,
where two insurers are seen in the second and fourth
clustering, one in the third and the rest in the first, the
matrices are shown in Figure 4. When grouping the
insurers in five classes, an accuracy of 95.34% is
obtained for K-means and 90.69% for AGNES,
observing in the confusion matrices the discrepancy in
the first grouping, these matrices are presented in
Figure 5.

The accuracies obtained with four and five
clusterings correspond to the number of classes given
by the optimal metrics estimated by the tests in Figures
1-3, observing that the clustering in four classes gives
equal rankings by the three clustering algorithms
chosen for this research; this number of clusters makes
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sense to the one given by the government institution,
but with a non-arbitrary number of insurers per
category, but rather by their hidden patterns.

Table 3 shows the clustering predicted by the
Mixture-of-Gaussian method for each insurer,
identified by its ID from Table 2, for four and five
classes.

Table 3. Mixture of Gaussian clusters of Venezuelan
insurers with 4 and 5 classes.

4 5 D 4 5
ID Classes Classes Classes Classes
1 1 4 23 2 4
2 1 4 24 1 4
3 1 4 25 1 4
4 1 4 26 1 1
5 1 1 27 1 4
6 1 4 28 1 3
7 1 4 29 3 4
8 1 4 30 1 4
9 1 2 31 1 4
10 2 5 32 1 4
11 4 4 33 1 4
12 1 1 34 1 4
13 1 5 35 1 4
14 4 4 36 1 4
15 1 4 37 1 1
16 1 1 38 1 4
17 1 4 39 1 4
18 1 4 40 1 4
19 1 4 41 1 4
20 1 1 42 1 4
21 1 1 43 1 4
22 1 2

The predictions for 4 and 5 classes do not show a
simple relationship between them; it still retains the
characteristic that one grouping concentrates the
majority of insurers, being 88.37% and 72.09% for
four and five classes respectively.

The four-class cluster retains the same predictions
by reducing to 10% of its original characteristics, this
percentage is achieved with the first pair of principal
components, which represent 86.61% of the variability
of the data; this reduction helps us to construct its
scatter plot, in which the intrinsic nature of its clusters
is noticed, this graph is shown in Figure 6.

The analysis of the 43 insurance companies in this
same number of groups, which reflect a stratified view
of the Venezuelan insurance sector, reveals the
diversity and singularities that characterise these
companies in the market. The second group includes
Caracas C.A. Seguros and Mercantil C.A. Seguros,
two of the largest insurers in the country. The fourth
group concentrates Caroni C.A Seguros and
Corporativos C.A Seguros, two companies with the
same level of collected premiums. The third grouping
shows a unique pattern with the exclusive presence of
Piramide C.A Seguros, which has shown remarkable
growth in the market in recent years. Finally, the
largest grouping, with the remaining 38 insurance
companies, shows a heterogeneity that makes it
difficult to break down and identify similar features.
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IV. CONCLUSIONS

Clustering techniques that do not require prior
labelling (unsupervised learning) help to find hidden
patterns in the data; the nature of these techniques has
been applied in this study, which has allowed us to
scrutinize that the groupings of insurers given by the
government institution do not obey this nature. In
addition to the fact that the use of the premiums
collected criterion represents a preponderant factor, it
is not sufficient for this purpose on its own.

The data are efficiently grouped with four and five
groupings, showing that the first of these two
groupings achieve 100% accuracy even when the
principal components are reduced to 10%. These
predictions support the ranking of insurers with clear
and unbiased criteria when choosing an insurer, this
will result in a healthy growth of the Venezuelan
insurance market.

It is recommended that the study be expanded to
include other variables that could be factors for
comparison, such as: branches nationwide, number of
employees, policies issued, policies cancelled, number
of intermediaries and their ranking, etc. Thus, the
ranking methods will operate with valuable
information in the discrimination of the groupings.
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