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ABSTRACT:  
 
In this paper we present a methodology for feature selection and clustering over variables 

describing countries’ economies and ICT indicators to study and identify investment 

opportunities, based on similarities between European and Latin American countries. We address 

two different problems. First, the work is based on a feature selection problem carried out with the 

Coral Reef Optimization algorithm. The CRO is a novel bio-inspired based on the simulation of 

reef formation and coral reproduction. On the other hand, the K-Means++ method is a high-

performance robust tool designed to solve clustering problems. Together, both algorithms are able 

to successfully identify investment opportunities in Latin America and quantify the potential of the 

telecommunications industry in both regional areas. The work considers different economical and 

ICT’s variables from different European and Latin America countries datasets (mainly Agenda 21 

and other available and global sources) for the period 2002-2012. 
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1. INTRODUCTION 

Information and communications technology (ICT) industry has grown exponentially in value 

creation from the mid-90s. This grow has been motivated by several factors such (1) corporate 

investment in infrastructure deployment, (2) sectorial innovation, (3) evolved network 

infrastructure and (4) an increasing number of customers with access to a large briefcase of 

services [1] Statistics recovered and processed by the International Telecommunication Union 

 
 

                                                             



(ITU) [2]. show that ICT market is stable, solid and it is raising its relevance in the economic 

needs of all global actors. Data analysis reflects that a higher percentage of disposable income is 

dedicated to receive and send information from citizens and institutions. 

However, the recent economic recession and its further evolution has caused a deep slowdown in 

the industrial profit generation, an ICT sector of higher concentration and a supply reduction 

(there are less corporations but with larger transnational presence) and, above all, an increasing 

uncertainty on how to invest in infrastructures with a reasonable return of investment (ROI). These 

decisions substantiated in economic instability are based in industrial fears (high-leverage levels, 

bad corporate decisions…) and future economic expectations.  

 

European and Latin-American (Latam) ICT markets have evolved differently from the beginning 

of the crisis. This could be mainly caused by their unequal starting point and the investments 

previously made in each areas [3]. Telephony and communications market (established as a 

necessary commodity for benefit creation) has been defined by a growing price war that has 

reduced margins across the continent, a brand concentration and also an increasing 

competitiveness. Such competitiveness is not incompatible with a remarkable market opening 

through the European integration process and the notorious reduction of economic and social 

barriers in both South and Eastern Europe enabling local markets and new investment 

opportunities and corporate growth (Balkan countries, former Soviet republics, etc..). 

 

Meanwhile, from the Latam environment, we must avoid falling on a wrong perception assuming 

that this territory is an untapped market full of business opportunities by the mere fact of 

considering an emergent economy area outside instabilities observed (at least, less than in Europe) 

in the capital markets  . Nothing further from reality, we can describe Latin America as a 

heterogeneous conglomerate of countries with large and divergent social, industrial and economic 

characteristics that make complex global characterization. The incorrect analysis of the industry 

starting point or the lack of use of predictive methods for the local market devolvement had led 

many operators have to change their business plans, assuming large losses or selling their 

subsidiaries in the absence of rigorous classification/ modelling studies. The largest operators in 

the ICT sector (usually European companies such as Telefonica, Vodafone, T-Mobile and North-

Central American companies like AT&T, Verizon, America Mobil Group) [4] [5]   are betting and 



still rely on this vast territory as a major income source within their balance sheets as other 

industrial sectors are performing (with mature and consolidated markets) as banking, insurance or 

automotive. The ICT sector is looking for an horizontal integration as mandatory step to further 

develop of their global business in a increasingly complex and interdependent corporate 

environment. 

 

There are many possible economic arguments for the present and future studies [6] [7]  to deepen 

the research of the ICT market and its regional classification such (1) the global growing 

uncertainty, (2) the emergence of new companies in the ICT ecosystem, which are using the 

existing infrastructure but have not been responsible for the development or deployment (such 

VMO, utilities, social networks, etc…), (3) the corporate priority of cash requirements for both 

investment and financial activities, (4) new technologies within reach of a greater number of users, 

(5) the failed implementation and the mere copies of business strategy across companies without a 

prior assessment or obtaining extraordinary corporate profits. All these situations are cause for the 

development of study-cases and researches  [3]. 

 

As it is described above we have detected a lack of research studies (at least academic) intended to 

apply the know-how obtained from the expertise in Europe to the Latam case [9] [5] In this work 

we propose the development of a soft-computing clustering method to group European and Latin-

American countries based on economic, social and ICT indicators obtained from sources as [2] 

[10] [11]. This work qualifies behaviour patterns under different types of study variables and help 

decision making for all industry players within the ICT market. The main objectives of this 

classification are: decreasing the uncertainty associated with the long term investment generated 

returns and especially the right investment opportunities selection. [12] 

 

The rest of the paper is organized as follows, next section performs the problem description, 

section 3 describes the basic principles of a Coral Reef Optimization technique applied to feature 

selection and the K-means clustering algorithm, section 4 shows the model developed for this 

specific case to show the experiments and results in section 5. Finally we show some conclusions 

and future worklines. 



 

2. SCENARIO DESCRIPTION 

The global objective described above needs to be considered in a process with two phases. 

Initially we must appropriately identify the starting point of every European and Latin America 

countries, finding common behaviour patterns and evaluating the evolution of the ICT sector 

based on a reduced set of key economic and technological indicators. These indicators will be  

obtained from a large pool obtained from different sources [2] [10] [11], applying a meta heuristic 

algorithm for feature selection named Coral Reef Optimization (CRO). The CRO performance in 

this task has been proven in energy conversion and management [13] [14]. On a second stage, and 

using the indicators obtained in the feature selection phase we will carry on a clustering analysis to 

define each country in a global environment by developing and technological potential. 

 

Therefore the first step consists of the definition of the pool of relevant indicators and the sources 

to obtain them. In this project we have used a large database collected from several institutional 

sources (ICT, World Bank, IMF, other international boards, etc) which is part of Agenda 21 [15]. 

This Project seeks to promote, through the study of quantitative data, improving homogeneous 

communications and technological development of OECD and emerging countries. As we need to 

observe the evolution of the different countries, the indicators have been obtained in the range of 

years from 2000 to 2012. 

 

The complete set of indicators has been grouped into economic and telecom indicators  in order to 

measure the real impact of the different data sets. An important problem to tackle is the lack of 

data available for the Latin America countries compared to the information available in the other 

European or OECD countries. The lack of existing data has traditionally been one of the biggest 

problems for studies and comparative analysis between countries in different geographical areas. 

To solve this problem the original database has been completed with other official sources [16] 

[17] [18] and in case incomplete data series, we have used a linear interpolation to complete them. 

Table 1 shows the complete set of ICT (technical) social and economic indicators used in this 

study. 

 

 



ICT Variables Economic Variables 

Variable Units Variable Units 

Mobile Phones / 100 inhabitants Ratio Population Nominal (units) 

Land Line / 100 inhabitants Ratio GDP ($ - Nominal) Nominal ($) 

International Telephone Traffic 
Nominal 

(minutes) 
% Tertiary Sector Ratio (%) 

Mobile Revenue Nominal ($) % Debt s/GDP Ratio (%) 

Land Revenue Nominal ($) Net Foreign 
Investment 

Nominal ($) 

Total Revenue Nominal ($) Gini Index (Classic) Índix (Base 1) 

ICT Productivity 
Index 

(Base:100) 
GDP Relative 

Growth  ) 
Ratio (%) 

ICT Expendure / GDP Ratio (%) Unemployment Ratio (%) 

% Internet Population Ratio (%) Force Ratio (%) 

5 Minutes International Call ($ 

Purchase Power Parity) 
Nominal ($) Deficit Ratio (%) 

Internet Penetration (%) Ratio (%) % Primary Sector Ratio (%) 

Mobile Income Nominal ($) % Urban Population Ratio (%) 

Land Income Nominal ($) % Immigrant 
Population 

Ratio (%) 

Total Income Nominal ($) Homes Nominal (units) 

Regular Internet Use (%) Ratio (%) Political Confidence 
Index 

Índex (Base:100) 

Public Phones 
Nominal 

(unit) Tax Revenue Ratio (%) 

High Tech Exportation Nominal ($) Fiscal Pressure Ratio (%) 

ICT Goods Export Nominal ($) GDP / capita (PPA) Ratio (units) 

ICT Goods Import Nominal ($) CPI (Consumer Price 
Index) 

Ratio (%) 

I+D Expendure s/GDP Ratio (%) Education 
Expenditure (s/GDP) 

Ratio (%) 

ICT Expendure s/GDP Ratio (%) Health Expenditure 
(s/GDP) 

Ratio (%) 

 

Table 1: ICT and Economic Variables 

To perform the studies we have defined a dataset with 32 countries where 20 are European and 12 

Latin America. We have selected a group of European countries with different economic status, 

technological progress and geographical representation. In this way, we get a complete view of the 

European ICT sector in Europe. Concerning Latin America we have chosen those countries that 



have regional representation considering also that there must be a comprehensive and coherent set 

of available data for the study [2] [10] [11]. This constraint (data availability) makes that the 

number of samples (countries) for Europe in the dataset is higher than Latin America ones. Far 

from being a drawback, this could be an advantage when classifying countries in Latin America 

due to the higher quality of the data indicators in European countries. Table 2 shows the complete 

set of countries separated into regional areas. 

European Countries Latin America Countries 

Germany France Brazil Uruguay 

Denmark Finland Colombia Ecuador 

Sweden Switzerland Poland Venezuela 

Belgium Norway Argentina Peru 

United Kingdom Romania Mexico Chile 

Czech Republic Spain Costa Rica* Nicaragua* 

Netherlands Italy Honduras*  

Ireland Austria   

Bulgaria Greece   

Poland Portugal   

 

Table 2: European and Latin American countries considered in the study 

At this point we have defined the complete set of indicators and the countries that we are going to 

apply the clustering process.  Next two sections describe, first the algorithms, which perform the 

determination of the most relevant indicators for our purpose, and second, the proper clustering 

algorithm and its application to this specific problem. 

 
3. CRO VALIDATION AND FEATURE SELECTION 
 

3.1. CORAL REEF OPTIMIZATION ALGORITHM 

The Coral Reefs Optimization Algorithm (CRO) is an evolutionary bio-inspired approach based 

on the simulation of the processes in coral reefs. ([13] [14].  The CRO can be classified into the 

family of bio-inspired algorithms which try to artificially simulate the behavior of a specific 

natural ecosystem to tackle optimization problems, similarly to ant colony optimization , particle 

swarm optimization algorithm, artificial bee colony approach or the weed colonization algorithm. 

The CRO has been proven to be effective in several single-objective optimization problems, 



obtaining better solutions than alternative optimization algorithms in the literature and also is used 

in feature selection, classification, clustering and value prediction in social and technological 

researches 

Basically, the CRO algorithm starts from a population of individuals encoding different solutions 

to a given optimization problem. These solutions are located in an square grid (reef), where there 

are also empty spaces at the beginning of the algorithm. The algorithm is thought to simulate the 

process of coral reproduction (sexual and asexual reproduction operators are applied), and the 

process of coral reef formation, where a fight for space occurs. Thus, in each step of the CRO 

algorithm a coral larvae formation is carried out, and each larva tries to occupy a place in the reef. 

It depends on how strong the larva is (how good the solution to the optimization problem is), or if 

it is lucky enough to find an empty place in the reef. Note that empty places in the reef are scarce 

after some generations of larvae, though a process of corals depredation ensures the possibility of 

empty places in the reef even at the final stages of the algorithm. 

After the reef initialization described above, a second phase of reef formation is artificially 

simulated in the CRO algorithm: a simulation of the corals’ reproduction in the reef is done by 

sequentially applying different operators. This sequential set of operators is then applied until a 

given stop criteria is met. Several operators to imitate corals’ reproduction are defined, among 

them: a modelling of corals’ sexual reproduction (broadcast spawning and brooding), a model of 

asexual reproduction (budding), and also some catastrophic events in the reef, i.e. polyp’s 

depredation. After the sexual and asexual reproduction, the set of larvae formed (new solutions to 

the problem), try to locate a place to grow in the reef. It could be in a free space, or in an occupied 

once, by fighting against the coral actually located in that place.  

1. Broadcast Spawning (external sexual reproduction): the modeling of coral reproduction by 

broadcast spawning consists of the following steps:  

a.  In a given step 𝑘𝑘 of the reef formation phase, select uniformly at random a fraction 

of the existing corals 𝑝𝑝𝑝𝑝 in the reef to be broadcast spawners. The fraction of 

broadcast spawners with respect to the overall amount of existing corals in the reef 

will be denoted as 𝐹𝐹𝐹𝐹. Corals that are not selected to be broadcast spawners will 

reproduce by brooding later on, in the algorithm.  

b.  Select couples out of the pool of broadcast spawner corals in step 𝑘𝑘. Each of such 

couples will form a coral larva by sexual crossover, which is then released out to 

the water. Note that, once two corals have been selected to be the parents of a larva, 



they are not chosen anymore in step k. These couple selection can be done 

uniformly at random or by resorting to any fitness proportionate selection approach  

2. Brooding (internal sexual reproduction): as previously mentioned, at each step 𝑘𝑘 of the reef 

formation phase in the CRO algorithm, the fraction of corals that will reproduce by 

brooding is 1 −  𝐹𝐹𝐹𝐹. The brooding modelling consists of the formation of a coral larva by 

means of a random mutation of the brooding-reproductive coral (self-fertilization 

considering hermaphrodite corals). 

3. Larvae setting: once all the larvae are formed at step k either through broadcast spawning 

(1.) or by brooding (2.), they will try to set and grow in the reef. First, the health function 

of each coral larva is computed. Second, each larva will randomly try to set in a square (i, 

j) of the reef. If the square is empty (free space in the reef), the coral grows therein no 

matter the value of its health function. By contrast, if a coral is already occupying the 

square at hand, the new larva will set only if its health function is better than that of the 

existing coral. We define a number κ of attempts for a larva to set in the reef  

4. Asexual reproduction: in the modelling of asexual reproduction (budding or 

fragmentation), the overall set of existing corals in the reef are sorted as a function of their 

level of healthiness from which a fraction 𝐹𝐹𝐹𝐹 duplicates itself and tries to settle in a 

different part of the reef. Note that a maximum number of identical corals (µ) are allowed 

in the reef.  

5. Depredation in polyp phase: corals may die during the reef formation phase of the CRO 

algorithm. At the end of each reproduction step 𝑘𝑘, a small number of corals in the reef can 

be depredated, thus liberating space in the reef for next coral generation.  

Figure 1 shows the flow diagram of the CRO algorithm, summarizing the steps explained 

above 



 

Figure 1: Flow Diagram of the CRO Algorithm 

3.2. FEATURE SELECTION 

This section explains the application of the CRO algorithm to the feature selection problem of this 

paper. The objective is to determine, from the complete set of 42 indicators a reduced set of 20, 

half economic, half technical, which describes best the features of the different countries. Please 

note that some indicators could be correlated and therefore they can be eliminated from the data 

set without losing relevant information. 

Let us consider a set of countries 𝐶𝐶 (1,2, . . ,𝑁𝑁). Each country has a set of macro-economic 

variables defined as 𝐸𝐸𝐸𝐸𝐸𝐸(1,2, … ,𝐸𝐸) and also a set of ICT’s variable defined as 𝐸𝐸𝑇𝑇𝑇𝑇(1,2, … ,𝑇𝑇). Let 

us also consider the accumulated value of industrial ICT profit in each geographical area (either 

Latin America, Europe or Global), Y, as the indicator of the sector potential because it describes 

appropriately the evolution of corporate expectations𝑌𝑌 =  ∑ (𝑦𝑦1,𝑦𝑦2, . . ,𝑁𝑁
𝑖𝑖 𝑦𝑦𝑁𝑁). The value of Y may 

be estimated, 𝑌𝑌� , using the exponential model described in Equation [1] that has been previously 

used in [19] for energy demand production. The feature selection procedure tries to obtain from 

the original dataset (𝐸𝐸𝐸𝐸𝐸𝐸  and  𝐸𝐸𝑇𝑇𝑇𝑇) a subset of indicators (called 𝐸𝐸′𝐸𝐸𝐸𝐸   and 𝐸𝐸′𝑇𝑇𝑇𝑇) and their 

corresponding weights  𝑤𝑤𝑖𝑖𝑖𝑖  and  𝑤𝑤𝑗𝑗𝑗𝑗   which estimates best objective target based on  the function 

described by Equation [1] : 

   𝑌𝑌� =  ∑ 𝑤𝑤𝑖𝑖1𝑀𝑀𝑀𝑀𝑀𝑀
𝑖𝑖=1 𝐸𝐸′𝑇𝑇𝑇𝑇

𝑤𝑤𝑤𝑤1 +  ∑ 𝑤𝑤𝑖𝑖2  𝐸𝐸′𝐸𝐸𝐸𝐸
𝑤𝑤𝑤𝑤2𝑀𝑀𝑀𝑀𝑀𝑀

𝑖𝑖=1 + 𝑤𝑤0    [1] 



Where: 

• 𝑌𝑌� = Estimated CRO prediction (Fitness Function) 

• 𝐸𝐸′𝑇𝑇𝑇𝑇 = Selected economic indicators 

• 𝐸𝐸′𝐸𝐸𝐸𝐸 = Selected ICT Indicators  

• 𝑤𝑤𝑖𝑖𝑖𝑖= Product Weight 

• 𝑤𝑤𝑗𝑗𝑗𝑗= Exponential Weight 

We have divided the experiments into three classes. The first one (1) considering only economic 

indicators, the second one  (2) considering only ICT indicators and finally the third set (3) 

considering the complete set of them (Economic + ICT). Each class is also divided into three 

subclasses referred to the regional areas, in such a way that the first subclass corresponds to 

European countries, the second one to Latin America countries and the third one to both regions 

together. Figure 2 shows a scheme of the experiments performed. Please note that in the first class 

we try to obtain the 10 out of 21 best economic indicators, in the second one we try to obtain the 

10 out of 21 best ICT indicators and in the third run we try to obtain the 20 out of 42 indicators, 

independently if they are ICT or Economic. This way we get, on the one hand, which indicators 

best represents the socio-economic position of the countries related to the ICT and, on the other 

hand, the consistency of the indicator selection, by the comparison of the results obtained in 

classes (1) and (2) with the obtained in class (3) which will be used in the clustering process.   

We have performed 10 runs on each one of the 9 experiments for each one of the 12 years 

considered, from 2000 to 2012. 

 

Figure 2: CRO Validation Scheme 



Table 3 shows the results of the CRO validations the 9 scenarios for the year 2012. We have 

calculated the Root-Mean-Square Deviation (Equation [2]) from the sum of industrial ICT profit 

in each geographical area (Y) and the CRO prediction (𝑌𝑌�) 

 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑁𝑁
∑ (𝑌𝑌 − 𝑌𝑌�)𝑁𝑁
𝑖𝑖=1

2
       [2] 

We present the average value, the best value of the ten simulations, the target value and the 

relative error.  

Experiment   Average Value 

(M€) 
Experiment   

(M€) 
Average Value 

(M€) 
Experiment   

Experiment 1  16.41 103 16.92 103 17.62 103 6.82  % 
Experiment 2  14.21 103 13.82 103 12.99 103 9.39 % 
Experiment 3  32.86 103 31.51 103 30.61 103 7.35 % 
Experiment 4  18.90 103 17.23 103 17.62 103 7.29 % 
Experiment 5  14.74 103 14.21 103 12.99 103 13.46 % 
Experiment 6  33.64 103 32.94 103 30.61 103 9.90 % 
Experiment 7  17.06 103 17.51 103 17.62 103 3.14 % 
Experiment 8  13.85 103 13.30 103 12.99 103 6.58 % 
Experiment 9  32.14 103 31.84 103 30.61 103 5.02 % 

 

Table 3: Validation of feature selection with CRO algorithm. 

CRO algorithm shows good performance forecasting the global ICT profit with a low relative 

error in each experiment. Please note that the worse performance in Latin America countries  

(explained by the lack of data available in this area). The CRO algorithm is programmed to find 

the best set of features in every area, the absence of data, forces the method to search in the rest of 

complete features of the data set. We assume a 5% of relative error as adequate prediction result to 

validate the CRO method. 

 
It should be emphasized that the selection of twenty variables is consistent. From the 42 variables 

selected in first time and used, CRO algorithm determined that 23 of these are relevant appearing 

as variables designated in the simulations and 17 are recurrent in each this test.  

 



 

 

Table 4: CRO Validation and Selected Variables in Clustering Method 
 

Therefore, taking into account variables such recurrence and validation of the CRO algorithm, the 

following variables presented in Table 4, are selected at the time we performed clustering. The 

CRO algorithm selects 20 variables, 8 of these are ICT variables and 12 are economic variables (it 

is powerfully striking that many social-demographic variables are selected in the final test and are 

used in the clustering step) 

 

4. K-MEANS++ CLUSTERING METHOD 
 
Clustering is an unsupervised classification technique that consists in grouping data objects from a 

general set into disjoint groups. This grouping is done in such a way that elements in the same 

subgroup are similar in terms of some specified metric and different from members of the rest of 

groups. Clustering has been applied to a large range of fields as renewable energy [20] pattern 

recognition [21], or ICT and telecommunications market [22]. There is a large variety of 

clustering algorithm types, from the well-known K-means [23] [24] [25] to novel approaches as 

population based metaheuristics as the evolutive algorithms [26]. In this work we are going to use 

an improved version of the K-means algorithm name K-means++, [27]. K-means algorithm 

ICT Variables Economic Variables 

Variable Units Variable Units 

Mobile Phones / 100 

inhabitants 

Ratio Population Nominal (units) 

Total Revenue Nominal ($) GDP ($ - Nominal) Nominal ($) 

ICT Expenditure s/GDP Ratio (%) % Tertiary Sector Ratio (%) 

Total Income Nominal ($) % Debt s/GDP Ratio (%) 

ICT Goods Exports Nominal ($) Net Foreign Investment Nominal ($) 

ICT Goods Imports Nominal ($) Gini Index (Classic) Índix (Base 1) 

I+D Expenditure s/GDP Ratio (%) Unemployment Ratio (%) 

ICT Expenditure s/GDP Ratio (%) Deficit Ratio (%) 

  % Urban Population Ratio (%) 

  % Immigrant 
Population 

Ratio (%) 

  Education Expenditure 
(s/GDP) 

Ratio (%) 

  GDP / capita (PPA) Ratio (units) 



considers intra-cluster variation (intra-clusters points or centroids) to form the final solution and it 

works as follows: 

Let us consider a set of data 𝑋𝑋 (1,2, . . ,𝑁𝑁), in our case the set of countries, each one with its 

corresponding indicators, ET, EE, and a predefined number of clusters k. To get to the final 

solution the K-means algorithm executes the following steps. 

1. Arbitrarily choose an initial k centres C = (𝑐𝑐1, 𝑐𝑐2, … , 𝑐𝑐𝑘𝑘).  

2. For each i ∈ {1, . . . , k}, set the cluster 𝐶𝐶𝑖𝑖 to be the set of points in X that are closer to 𝑐𝑐𝑖𝑖 

than they are to cj for all j ≠ i. In this work for step 2 we are going to consider Euclidean 

Distance  

3. For each i ∈ {1, . . . , k}, set 𝑐𝑐1 to be the centre of mass of all points in 𝐶𝐶𝑖𝑖: 𝑐𝑐𝑖𝑖 =  1
|𝐶𝐶𝑖𝑖|

 ∑𝑥𝑥 ∈ 

𝐶𝐶𝑖𝑖x  

4. Repeat Steps 2 and 3 until C no longer changes.  

Please note that the basic K-means algorithm the initial centres are randomly chosen from X. K-

means algorithm has some limitations referred to the computational time in large sized 

experiments and that the clustering found could, on some cases, be far away from the optimal one. 

These shortcomings are solved applying K-means++ algorithm, which determines the starting 

point of each clusters in this way. Let D(x) denote the shortest distance from a data point  to the 

closest centre already chosen, the following steps are taken 

1. Select one center c1, chosen uniformly at random from X, an compute de distances D(x) 

from the rest of data   

2. Select a new center ci from the data set X, choosing x ∈  X with probability D (x2)
∑x∈ X D (x2)

  

3. Repeat step2 until k centres have been  

4. Proceed with the standard k-means algorithm. 

 

5. CLUSTERING RESULTS  

With the 20 indicators selected by the CRO algorithm procedure in section 3 and shown in Table 4 

we have applied K-Means ++ method to cluster the 32 countries under study. Please note that we 

applied the CRO feature selection with only 29 out of 32 countries. Honduras, Costa Rica and 

Guatemala showed bad feature selection with the available data and therefore they were removed 



from that part of the experiments. However we have included these three countries to obtain their 

classification in the experiment. We have performed clustering from K=3 to K=12 to obtain the 

different country classification.  

To analyse the quality of the resulting clusters and determine their optimum number, we have 

applied two different metrics: Maximal Similarity metric and Cosine distance method. 

1. Maximal Similarity Metric: This is a metric specifically designed for this work. The 

objective of this measure is to minimize the ratio of two distances, see equation [3]. On the 

numerator it is takes the normalized distance between countries that are in the same cluster 

(Intra-Cluster) and on the denominator it is the normalized distance between the centroids 

of the  clusters (Inter-Cluster). We define 𝑃𝑃𝑖𝑖𝑖𝑖 as the Euclidean Intra-Cluster distance and 

∑𝐷𝐷𝑖𝑖𝑖𝑖 is the Euclidean Inter-Cluster distance.  

 

       𝑀𝑀𝑀𝑀𝑀𝑀 
𝑚𝑚𝑚𝑚𝑚𝑚 � 1𝑁𝑁𝑇𝑇

∑𝑃𝑃𝑖𝑖𝑖𝑖�

𝑚𝑚𝑚𝑚𝑚𝑚� 1𝑁𝑁𝐶𝐶
∑𝐷𝐷𝑖𝑖𝑖𝑖�

      [3] 

 

2. Cosine Distance Method: It is one of the most widely used metric to assess clustering and 

similitude between clusters. By this method, it applies a trigonometric variation of 

Euclidean distance which is used to obtain as a baseline measurement of the close 

relationship between the different representatives points of each country. We define 𝑥𝑥𝑖𝑖 and 

𝑦𝑦𝑖𝑖 as pair of points of the centroid of each cluster as it is describe in Equation [4] 

 

    cos(𝑥⃗𝑥, 𝑦⃗𝑦) = ∑ 𝑥𝑥𝑖𝑖∗ 𝑦𝑦𝑖𝑖

�∑ 𝑥𝑥𝑖𝑖
2∗𝑖𝑖 ∑ 𝑦𝑦𝑖𝑖

2
𝑖𝑖

𝑘𝑘=3
𝑖𝑖       [4] 

Therefore, in both cases, the cluster will be more effective as long as the values of the metrics are 

minimal. The metrics reflect that we obtained a number of clusters that minimizes optimum 

internal distances and maximize external. 

 

 

 



 

 Metrics Validation 

K Maximal Similarity Cosine Distance Method 

3 2.302 3.499 

4 1.947 2.813 

5 1,652 2.216 

6 1.356 1.731 

7 1,136 1.470 
8 1,142 1.481 
9 1.265 1.713 

10 1.395 1.897 
11 1.565 2.050 
12 1.717 2.319 

 

Table5: Clustering Performance and Metrics Validation (From K=3 to K=12) 

Experiments show that K = 7 is the optimal number of clusters for both metrics. However, it is 

necessary and relevant to draw attention also to the K=8 cluster selection due the small differences 

that exist between the two metrics methods.  Tables 6 and 7 shows the country classification with 

K=7 and K=8. Latin America countries are marked in bold letter and Tables 8 and 9 show the 

relative distance between the centroids of the different clusters for the Maximal Similarity metric. 



Table6: Euro-Latin America Clustering Evolution (2002-2012) for K=7    

CLUSTERS 1 2 3 4 5 6 7 
    

            
 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 
Germany                       
UK                       
Sweden                       
Finland                       
Switzerland                       
Denmark                       
France                       
Norway                       
Mexico                       
Belgium                       
Austria                       
Ireland                       
Chile                       
Netherlands                       
Spain                       
Italy                       
Czech Rep.                       
Brazil                       
Colombia                       
Poland                       
Argentina                       
Portugal                       
Greece                       
Romania                       
Bulgaria                       
Venezuela                       
Uruguay                       
Perú                       
Ecuador                       
Costa Rica                       
Guatemala                        
Honduras                       



Table7: Euro-Latin America Clustering Evolution (2002-2012) for K=8 

CLUSTERS 1 2 3 4 5 6 7 8 
   

            
 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 
Germany                       
UK                       
Sweden                       
Finland                       
Switzerland                       
Denmark                       
France                       
Norway                       
Mexico                       
Belgium                       
Austria                       
Ireland                       
Chile                       
Netherlands                       
Spain                       
Italy                       
Czech Rep.                       
Brazil                       
Colombia                       
Poland                       
Argentina                       
Portugal                       
Greece                       
Romania                       
Bulgaria                       
Venezuela                       
Uruguay                       
Perú                       
Ecuador                       
Costa Rica                       
Guatemala                        
Honduras                       
 

 



2012 C1 C2 C3 C4 C5 C6 C7 
C1 

 
1.484 4.123 6.231 7.984 11.346 15.016 

C2 
  

3.011 5.194 7.253 10.891 13.950 
C3 

   
2.318 4.044 7.563 11.652 

C4 
    

1.983 5.368 9.047 
C5 

     
3.841 7.229 

C6 
      

4.648 
C7 

        

Table 8: Euro-Latin America Centroids Distance (2012) for K=7 

 

2012 C1 C2 C3 C4 C5 C6 C7 C8 
C1  1.315 3.816 5.713 7.201 9.484 12.126 16.144 
C2 

 
 2.710 4.881 6.321 8.513 11.413 15.202 

C3 
 

  3.149 4.895 6.002 9.393 12.845 
C4     1.974 3.215 6.542 9.774 
C5      1.568 4.841 8.514 
C6       3.418 7.212 
C7        3.849 
C8         

 

Table 9: Euro-Latin America Centroids Distance (2012) for K=8 

Results shown on Table 6 and Table 7 draw a temporal evolution of the position in the 

clustering of countries in Europe and Latin America over the period 2002-2012. Some 

countries, as Spain in Europe or Mexico in Latin America, maintain a stable trajectory, which 

means that industrial profits are similar from year to year. However there is a group of 

countries that move from one cluster to another along the historical series, as Belgium and 

Brazil. It is very important to note that economic variables have a larger and earlier impact over 

time than the ICT’s variables (i.e. an increase in income per capita to observe and quantify than 

the development and deployment of telephony infrastructure), therefore we assume that K-

Means++ algorithm is more sensitive to economic variables than to technological variables. 

Tables provides some coherent results that prove the robustness of the methodology, for 

example, there is an large stability in most developed countries of the European Union, as 

Germany, Sweden and Finland.  Furthermore the results show the fall of Greece, from cluster 



4, in K=7, where it was with countries as Poland or Portugal, in 2002 to cluster 6 in K=7, 

grouped with Peru and Venezuela in year 2012. The fall of Venezuela is also represented in the 

results. 

Table 6 and Table 7 also show the existing gap between the two continents. Most European 

countries located in the first three clusters while Latin America countries are positioned at the 

last (4 to 7 in K=7 and 4 to 8 in K=8) clusters. There are exceptions such as México and Chile, 

which have a similar behaviour of a Central European country. The evolution of other countries 

such as Brazil, which climbs from cluster 4 to cluster 3 about 2006, or Colombia which reflects 

a notorious economic growth potential in the next years. Colombia is a special case because it 

is the only country in Latin America subset to advance two positions in the ranking of clusters 

during the study period from a cluster where it is grouped in Bulgaria and Romanian (Cluster 5, 

K=7) to a cluster where it is grouped with Spain and Netherlands (Cluster 3, K=7).  

We need to bring the attention to Uruguay. Uruguay in 2002 is located in cluster 6 in K=7 and 

K=8, and it evolves towards cluster 5 in 2009 -2010 (depending on the K). It is the only Latin 

American country located in the lower part of the table, that is, with low values in ICT and 

economic indicators, which evolves towards a better situation. In fact in K=8 it is grouped with 

Poland in cluster 5 but in K=7 Poland is in cluster with 4 while Uruguay remains in cluster 5. 

This means that Poland and Uruguay has similar structures in terms of ICT and economic 

development but Poland is a little more evolved. Therefore as Poland is currently growing at 1 

% Rate (GDP) and the rate of the ICT in the Poland GDP is forecast to growth from 4.8 % in 

2013 to a 9.5 % in 2020, [28] it is reasonable to think that the application of Poland-like ICT 

strategies in Uruguay may be also a successful story. 

 

6.  CONCLUSIONS  

In this paper we have presented a methodology to perform clustering over countries based on 

economic and ICT indicators to study and identify investment opportunities based on 

similarities between European and Latin American countries. The model is divided into two 

parts. The first one corresponds to a feature selection procedure where we have applied a 

metaheuristic algorithm named Coral Reef Optimization, that have shown a good performance 

in similar previous problems. With this we get, from a large set of ICT and economic 

indicators, which are the most relevant for our study. The second phase is to apply the well 



knowm K-means++ algorithm with the indicators obtained from the previous step to obtain the 

country clustering. To do that we have made a sweep from K=2 to K=12 clusters, finding that 

K=7 is the optimum one. 

Concerning the ICT / economic conclusions, the clustering results show some relevant facts 

concerning Latin America countries. We have considered (at least) 4 countries to study: 

Colombia, Uruguay, Ecuador and Brazil. 

• Colombia has evolved in 10 years from cluster 5 to cluster 3. That means that Colombia is 

seeing sustained economic growth in recent years. This country is sharing cluster with 

countries like Spain, Italy, the Netherlands and Austria. This development leads to 

increased demand for ICT services and a strong indicator of future return investment 

expectations.  

• Uruguay has grown up from cluster 6 to cluster 5 in the last years. Due to its hight 

population density and limited extension, this indicator allows us to state the country’s 

growth potential in the short term.  

• Brazil has developed a cluster in the last decade and shares positioning with Colombia. 

However, its growth has been less noticeable than other neighbouring countries. The 

reasons observed are high economic inequality and geographic dispersion that does not 

allow optimizing the infrastructure deployment.  

• Ecuador is positioned in one of the last clusters but its structure and economic data reveal 

future growth and investment opportunities. If we extend the results (K=9), this country 

belongs to the next cluster separating from Peru, Guatemala or Honduras. 

 

On the other hand, there are many countries in Latin America that are included within the 

technological underdevelopment and do not have an attractive investment in the short term. In 

this group we include the Caribbean countries, Peru, Honduras or Guatemala that have a large 

territory but a low population density. 

Economic variables show a large weight in the behaviour of the fitness function. As we have 

emphasized, it is powerfully striking that many social-demographic variables are selected in the 

feature selection. The results assume that large countries with low density are less interesting 

for ICT investment and conversely, high-density areas are the most potential for growth.  



It is necessary to highlight the presence of many European companies in Latin America 

offering services. Argentina, Brazil or Chile have more advanced starting point thanks to initial 

investments received from this corporations. These countries may emphasize public policies to 

push international corporations to continue the ICT investment in these countries in the same 

way they did 20 years ago. Finally Mexico as a country with a highly development market, 

very similar to the Central Europe countries, has its future growth potential will be given 

incorporating to the ICT sector many of its rural areas. 
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