
  
 
 

73 
 

Business Systems Research | Vol. 10 No. 2 |2019 

  

 
 

Shedding Light on the Doing Business Index: 
a Machine Learning Approach 
 
Milica Maričić, Milica Bulajić, Zoran Radojičić, Veljko Jeremić 
University of Belgrade, Faculty of Organizational Sciences, Department of 
Operational Research and Statistics, Belgrade, Serbia 
 

Abstract 
 

Background: The World Bank (WB) acknowledged the importance of business 
regulatory environment and therefore created a metric which ranks 190 countries 
based on their level of business regulation for domestic firms measured by the Doing 
Business Index (DBI). Objectives: The question which attracted our attention is whether 
all the observed entities should be given the same weighting scheme. 
Methods/Approach: The approach we propose as an answer is two-fold. First, we 
cluster the countries covered by the DBI. In the next step, we apply the statistical 
multivariate Composite I-distance Indicator (CIDI) methodology to determine new, 
data-driven weights for each of the retained clusters. Results: The obtained results 
show that there is a difference between the weighting schemes proposed by the CIDI 
methodology. Conclusions: One can argue that one weighting scheme does not fit 
all the observed countries, meaning that additional analyses on the DBI are suggested 
to explore its stability and its weighting scheme. 
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Introduction 
Foreign direct investments (FDI) are seen as promoters of economic growth (Adams, 
2009; Basu and Guariglia, 2007). Namely, they are believed to alleviate poverty 
(Gohou and Soumaré, 2012), drive the employment of women (Neumayer and de 
Soysa, 2011), and play a significant role in the development of emerging markets 
(Konings, 2001). Accordingly, the goal of governments is to attract as much FDI as 
possible to boost the national economy (Büthe and Milner, 2008). One of the ways to 
attract the FDI is to reform business regulation and ease doing business.
 As the level of ease of starting and doing business is an essential factor for 
institutional investors to decide where to invest, it slowly but surely, became a topic on 
which countries, regions or even cities could be ranked (Brunetti et al., 1997; Davis et 
al., 2012). One of the means of ranking, which has seen extensive development and 
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application, in particular in the public sector, is the use of composite indices (Bird et 
al., 2005). First such ranking of countries based on their economic openness to business 
dates from the 1990s. Namely, the ranking proposed Cavusgil (1997) ranks emerging 
markets using seven dimensions. The World Bank followed the trend and in 2003 
created a complex and sophisticated composite index, the Doing Business Index (DBI) 
which aims at ranking countries based on their level of business regulation for domestic 
firms (World Bank, 2017). 
 Our research hypothesis is that one weighting scheme does not fit all entities when 
the composite index ranks a large number of entities. The hypothesis of the research 
is starting to attract attention within the scientific community (Maricic et al., 2017). Our 
proposed approach is to firstly divide entities into groups and secondly, to rank and 
weight them accordingly within each group. The goal of this research is to employ 
machine-learning algorithm and statistical methodologies on the indicators which 
make a specific composite index to scrutinise its structure and weighting scheme. 
Namely, this research attempts to cluster entities using the official data and non-
hierarchical cluster method, the K-means algorithm and determine new weighting 
schemes per retained cluster using the statistical multivariate Composite I-distance 
Indicator (CIDI) methodology (Dobrota et al., 2016). We believe our approach could 
provide insights on whether or not it is reasonable to rank a large number of countries 
and apply a single weighting scheme. Therefore, the contribution of the research is 
twofold: it will provide results of clustering analysis, and second, it will provide novel 
data-driven weighting schemes per retained cluster. 
 Having the entire scope of the research in mind, as the case study in our paper, we 
will put emphasis on the Doing Business Index (DBI) developed by the World Bank. The 
next section sees a brief literature review on composite indices, and weighting 
methodologies applied. The following one sees the overview of the Doing Business 
Index methodology. The research methodology on the clustering approach and the 
weighting procedure follow in Section 4. The results are given in Section 5, while the 
discussion and the concluding remarks follow. 
 

Literature review 
Composite indicators or composite indices are usually defined as the aggregate 
value of individual variables which are chosen with the goal to capture dimensions of 
a multidimensional phenomenon such as countries’ competitiveness (Nardo et al., 
2005; Paruolo et al., 2013). Although composite indices can initiate public debate, 
draw attention of the wider public, and serve as valuable source of information for 
governmental decision-makers (Saisana et al., 2011), experts from various fields 
pointed out that their results should be taken with caution due to their methodologies 
(Cherchye et al., 2007; Despotis, 2005; Jovanovic et al., 2012). Special attention was 
given to their weighting schemes (for example, Amado et al., 2016; Cherchye et al., 
2008; Dobrota et al., 2016). Namely, it is believed that the weighting process is usually 
covered with the veil of subjectivity (Maricic, Bulajic, et al., 2016). 
 The methodological step we aim to explore in this paper is the weighting 
procedure. Namely, the process of devising the weighting scheme is usually cited as 
the stepping stone (Becker et al., 2017; Soh, 2014; Zhou et al., 2010). There are three 
major groups of weighting methodologies: data-driven, normative, and hybrid 
(Decancq and Lugo, 2013). Data-driven methodologies such as Principal Component 
Analysis (PCA), Ivanovic distance (I-distance), Data envelopment analysis (DEA), and 
Benefit-of-Doubt (BoD) assign weights based on statistical and optimization methods 
and completely exclude expert opinion (Nardo et al., 2005). Contrarily, normative 
methodologies are completely based on expert opinion. Some of such methodologies 
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are Analytic Hierarchy Process (AHP) and budget allocation (Singh et al., 2007). Hybrid 
methodologies aim to find a balance between data-driven and normative (Maricic 
et al., 2015). Booysen (2002) observes that no group of weighting methodologies is 
beyond critique. Nevertheless, data-driven weighting methodologies are believed to 
be more reliable as they are less prone to subjective opinion (Jeremic et al., 2011; 
Nardo et al., 2005). 
 A recently developed data-driven methodology that attracted our attention is the 
Composite I-distance Indicator (CIDI) proposed by Dobrota et al. (2016). As the CIDI 
methodology is applied in this paper, here, we will put emphasis on its previous 
applications, while the theoretical overview of the methodology is given in Section 
Research methodology. So far CIDI has been applied with a lot of success for analysis 
of official weighting schemes, in the process of creation of the novel composite index, 
and for determining weights in optimization problems. 
 When it comes to the application of CIDI for the analysis of official weighting 
schemes, Dobrota et al. (2016) showed that the weighting scheme of the QS university 
ranking could be altered using the CIDI. Namely, their results proved to be more stable 
and less susceptible to rank change. On the other hand, Maricic et al. (2015) proposed 
a hybrid weighting scheme for the ICT Development Index (IDI). On the indicator level, 
they applied CIDI to obtain new pillar values. In the following step, they applied equal 
weights, as suggested by the official methodology. Their results were more stable than 
the official ones when the uncertainty of the weighting scheme is observed. 
 Determining weights is an important step in the process of composite index creation 
(Munda, 2008). Therefore, some experts believe that the weighting scheme should be 
completely unbiased and data-driven (Dobrota et al., 2015; Huang, 2012; Soh, 2014). 
Accordingly, CIDI was used to assign weights of a novel composite index. Maricic, 
Zornic & Jeremic (2016) proposed a university ranking based on the level of 
cooperation between universities and the industry. To determine the weighting 
scheme of the University-Industry Research Connections Index (UIRC Index), they used 
CIDI methodology with a lot of success.  
 Besides determining data-driven weighting schemes for currently devised 
composite indices or for determining weighting schemes of novel composite indices, 
the CIDI is being used to constraint optimization models. For example, Radojicic et al. 
(2015) used bootstrap CIDI weights to constrain DEA models. On the other hand, 
Maricic et al. (2016) used a ±25% interval around CIDI weights to additionally constrain 
BoD model. 
 The presented literature review shows the importance of the weighting scheme for 
the process of composite index creation. It also points out that there are multiple 
approaches to tackle the issue. The CIDI methodology drew our attention as it is data-
driven and has been applied with success in various occasions. Our idea is to use CIDI, 
but not to alter a specific ranking methodology, whereas to examine whether one 
weighting scheme fits all the observed entities, which are ranked. Namely, the 
question, which arises, is whether one weighting scheme fits 50 and 500 entities? A 
recently conducted in-depth analysis of the ARWU and Alternative ARWU rankings 
which rank 500 entities (universities) showed that there are significant differences 
between groups of 100 universities and that the length of the ranked universities should 
be taken into account when creating a composite index (Maricic et al., 2017). 
Therefore, herein, we aim to expand the current literature on the topic. 
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Doing Business Index (DBI) 
The Doing Business Index (DBI) is a multidimensional measurement of the aspects of 
business regulation, which affect domestic small and medium-size firms. It is developed 
by the World Bank who acknowledged the importance of ease of doing business for 
the economic development of countries. In this paper, we scrutinised the Doing 
Business Index 2018. The index aims to rank and compare 190 countries worldwide 
using 41 indicators divided into ten topics, which are listed in Table 1. The index topics 
are formed of indicators. However, in our analysis, we did not take into account the 
indicator values, as the publicly available indicator data is not normalized. 
 
Table 1 
DBI Topics, their Codes, and Assigned Weights 
 

DBI topic Code Weight 
Starting a business T1 10% 
Dealing with construction permits T2 10% 
Getting electricity T3 10% 
Registering property T4 10% 
Getting credit T5 10% 
Protecting minority investors T6 10% 
Paying taxes T7 10% 
Trading across borders T8 10% 
Enforcing contracts T9 10% 
Resolving insolvency T10 10% 

Source: (World Bank, 2017) 
 
 The first topic, Starting a business, is intended to measure the number of procedures, 
time, cost, and minimum paid-in capital to start a limited liability company. Dealing 
with construction permits measures the number of procedures, time, and cost to 
complete all formalities to build a warehouse and the quality control and safety 
mechanisms in the construction permitting system. Next topic, Getting electricity, 
quantifies procedures, time, and cost to get connected to the electrical grid, the 
reliability of the electricity supply and the transparency of tariffs. Registering property 
is related to procedures, time, and cost to transfer a property and the quality of the 
land administration system — the following topic, Getting credit measures movable 
collateral laws and credit information systems. Next, Protecting minority investors deals 
with minority shareholders’ rights in related-party transactions and corporate 
governance. Payments, time, and total tax and contribution rate for a firm to comply 
with all tax regulations as well as post-filing processes are measured by the topic of 
Paying taxes. Time and cost to export the product of comparative advantage and 
import auto parts are quantified in the topic Trading across borders. Next, Enforcing 
contracts, measures how commercial disputes are resolved and how the quality of 
judicial processes is attained. The final topic deals with time, cost, outcome, and 
recovery rate for commercial insolvency and the strength of the legal framework for 
insolvency (World Bank, 2017).  
 The data collection process is based on a detailed reading of domestic laws and 
regulations as well as administrative requirements. The process itself is guided and 
overlooked by World Bank experts. A signal that the data collected for the DBI is 
precise and of interest is the fact that there are 17 different data projects or indexes 
that use Doing Business Index data as one of their data sources (World Bank, 2017). 
Nevertheless, Arruñada (2007) argues that the procedure of indicator and topic data 
collection could be altered to represent the actual policies better. 



  
 
 

77 
 

Business Systems Research | Vol. 10 No. 2 |2019 

 After the data has been collected and normalised, it is weighted and summed to 
make the DBI. As can be seen from Table 1, the World Bank suggests equal weighting. 
The current methodology of the DBI has been evaluated in several studies. Namely, 
the Independent Evaluation Group (2008) positively evaluated the index 
methodology. Also, Djankov et al. (2002) showed that the chosen set of indicators, 
which make the DBI, comply with the theoretical basis of foreign investment. 
Contrarily, Hoyland, Moene, and Willumsen (2008) showed that the indicators do not 
capture the underlying business environment due to their weak discriminating power. 
The ambiguous results indicate that the DBI could be scrutinised more thoroughly. 
 Herein we place our attention on the weighting scheme of the DBI and the 
rationale to weight indicators the same when ranking a large number of entities. The 
question we raise is whether one weighting scheme and equal weighting scheme fits 
all 190 observed countries. To provide an answer, we propose two widely used 
methodologies. First, we suggest clustering the observed countries using the K-means 
algorithm (Hartigan and Wong, 1979), followed by the application of the CIDI 
methodology to each of the retained clusters to obtain the data-driven weighting 
scheme (Dobrota et al., 2015). 

Research methodology  
K-means 
The K-means algorithm has proved to be very useful in producing good clustering 
results for many practical applications (Celebi et al., 2013). K-means clustering 
algorithm aims to partition the observed entities into K clusters in which each 
observation belongs to the cluster with the nearest mean, serving as the centre of the 
cluster. The objective function is to minimise the sum of squares between the entities 
and the cluster centre.  
 The K-means algorithm requires three user-specified parameters: number of clusters 
K, cluster initialisation, and distance metric. One of the specific drawbacks of the 
algorithm is that the number of clusters should be pre-defined (Škrabuľáková et al., 
2016) and that there is no single answer to how to choose K. While no unique 
mathematical criterion exists, a number of heuristics and indexes have been devised 
(Tibshirani et al., 2001). To overcome the drawback of the K-means algorithm and to 
determine the number of clusters we consulted the recently developed R package 
“NbClust”. Namely, the package can calculate 30 indexes for the choice of the best 
number of clusters (Charrad et al., 2014). Performance of iterative clustering algorithms 
such as K-means, which converges to numerous local minima, highly depends on 
initial cluster centres. Nevertheless, most commonly initial cluster centres are selected 
randomly. When it comes to distance metric used, there are several options possible: 
Euclidean, Manhatten, Mahalanobis, Itakura–Saito, Bregman distances, and others 
(Jain, 2010). In the presented case study, we used the Euclidean distance. 
 

Composite I-distance Indicator (CIDI) methodology 
The Composite I-distance methodology (CIDI) is a recently-developed multivariate 
methodology for creating composite indexes based on the results of the I-distance 
method devised by Ivanovic (1977) (Dobrota et al., 2016). The I-distance method 
gained popularity as it overcomes the issues of normalisation, determination of the 
weighting scheme, and aggregation (Jeremic et al., 2011; 2013; Maricic, Bulajic, et al., 
2016). Nevertheless, the result of the I-distance method is the distance of an observed 
entity from a fictive entity what makes it difficult to compare with other currently 
devised metrics. In addition, there was a growing need to take into account the issues 
of sensitivity and uncertainty and to compare the data-driven weights and the official 
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weights. Therefore, the CIDI methodology, which overcomes the observed issues, was 
devised. It creates a comparable composite index, using the weights, which derive 
from the I-distance method. Therefore, before conducting the CIDI methodology, the 
I-distance method must be applied.  
 Pearson’s correlation coefficient is used to measure the importance of each 
variable for the ranking process (Jeremic et al., 2011). Namely, Pearson’s correlation 
coefficient accounts for the proportion of the variability between the two variables. 
Therefore, it can identify which variables contribute the most to the overall I-distance 
value. Accordingly, to establish the novel CIDI weighting scheme, it is necessary to 
acquire information about the importance of each variable for the ranking process. 
Therefore, it is necessary to determine the Pearson’s correlation coefficients between 
the variables and the obtained I-distance value. The new weights are formed by 
dividing the Pearson’s correlation coefficient by the sum of correlation coefficients. 
The formula is: 
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where ri, (i=1,...,k) is Pearson’s correlation coefficient between the i-th input variable 
and the I-distance value. The sum of weights obtained using CIDI is 1 (Dobrota et al., 
2016). The new weighting scheme is unbiased as it derives from the collected data 
and because no expert opinion has been included in the weighting process. The final 
step in the CIDI methodology is to obtain the new composite index. Usually, the value 
of the novel index is obtained as the weighted sum of the chosen indicators. Of 
course, different aggregation methods can be used, such as the weighted geometric 
mean. 
 

Results 
The dataset on which the analysis was performed contained all ten-topic values for 
all 190 countries for the year 2018. The data is publicly available in the official Doing 
Business Report (World Bank, 2017). As the dataset was already normalised, the first 
step in our analysis was to apply the clustering method, the K-means algorithm.  
 For our case study (190 entities, K-means algorithm, Euclidean distance), the 
“NbClust” package was able to obtain the results of 23 indexes out of 30. The number 
of clusters suggested by the highest number of indexes was retained. In our case, ten 
indices proposed to retain two clusters. Next, the descriptive statistics of the two 
retained clusters are presented in Table 2. The first column indicates the size of the 
clusters. We can observe that the clusters are of similar size, 94 and 96 countries. Some 
of the countries, which make cluster 1, are Australia, Belgium, Canada, Germany, 
Japan, Russia, Spain, and the USA. On the other side, some of the countries, which 
make cluster 2, are Brazil, Honduras, Nigeria, Cambodia, and Pakistan. As the clusters 
are large, the list of countries, which make each cluster, will not be listed. Nevertheless, 
the full list is available on demand. The column average (Avg) is the mean value of a 
topic per cluster and at the same time represents the cluster centre. The first cluster 
can be identified as a cluster of countries which perform well according to the DBI 
topics and whose laws aim to facilitate and stimulate doing business. On the other 
hand, it can be observed that Cluster 2 can be characterised as the cluster of 
countries which have visibly lower average values, especially of topic T5 (Getting 



  
 
 

79 
 

Business Systems Research | Vol. 10 No. 2 |2019 

credit). Therefore, we can conclude that in countries which make Cluster 2 there are 
certain difficulties in starting and doing business. 
 In addition, the analysis of minimum values of topics per cluster shows those 
countries, which have lower values of topics (values of 0), are clustered in Cluster 2. 
What can also be observed from Table 2 is that the standard deviation (StD) of topics 
per cluster is high and that the range of topics values in Cluster 2 is also high. This could 
lead to the conclusion that although the countries have been grouped into two 
clusters, the structure of the clusters is not that coherent. 

Table 2 
Basic Descriptive Statistics of the Retained Clusters 
 

C1 Size Avg Min Max StD  C2 Size Avg Min Max StD 
T1 94 89.47 65.91 99.96 5.81  T1 96 76.36 25.00 93.65 13.27 
T2 94 71.52 38.80 86.79 9.06  T2 96 57.75 0.00 78.07 17.28 
T3 94 78.95 44.19 99.92 12.08  T3 96 53.27 0.00 90.63 19.78 
T4 94 72.69 44.64 94.47 12.64  T4 96 49.96 0.00 81.19 15.37 
T5 94 66.33 15.00 100 16.50  T5 96 35.63 0.00 90.00 20.10 
T6 94 61.96 26.67 85.00 11.15  T6 96 43.07 0.00 75.00 12.54 
T7 94 78.34 39.66 99.44 10.78  T7 96 58.89 0.00 92.48 16.27 
T8 94 83.35 44.31 100.00 14.09  T8 96 56.01 0.00 97.48 21.17 
T9 94 62.88 34.29 84.15 10.41  T9 96 48.24 6.13 68.11 11.89 
T10 94 60.75 0.00 93.44 18.27  T10 96 28.07 0.00 69.79 17.73 

Source: Authors’ work 
Note: C1 and C2 indicate Clusters 1 and 2 
 
 To additionally inspect the clustering structure group means were compared using 
t-test as used by Russell et al. (2017) to compare means of clusters of countries. The 
results are presented in Table 3. As it can be observed, there is a statistically significant 
difference in group means for all ten topics. This could signal that the two-retained 
clusters differ and that they are well separated. The absolute mean difference varies 
from 13.11 (T1) to 32.68 (T10). The high absolute mean difference can also be 
acknowledged for T5 (30.7) and T8 (27.34). 
 
Table 3 
Results of the Cluster Means Comparison Using t-test 
 

Topics T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 
t* 8.85** 6.90** 10.83** 11.12** 11.50** 10.97** 9.73** 15.50** 9.04** 12.51** 

Abs 
mean 
diff* 

13.11 13.77 25.68 22.73 30.7 18.89 19.45 27.34 14.64 32.68 

Source: Authors’ work 
Note: * t – the value of t-statistics, Abs mean diff – Absolute mean difference between cluster 
means; ** – p<0.01 
 
 The next step in the analysis was the application of the CIDI methodology on the 
retained clusters. The results given in Table 4 provide interesting insights. 
 It is evident that the weighting schemes differ. When it comes to Cluster 1, the 
weights vary from 2.6% to 12.5%, while in Cluster 2 they vary from 5.7% to 13.2%. In 
Cluster 1, the most important topics for the ranking process are topics T9 and T1, 
Enforcing contracts and Starting a business. On the other side, in Cluster 2, the ranking 
order is entirely different. The most important topics for the ranking process are topics 
T3 and T6, Getting electricity, and Protecting minority investors.  
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Table 4 
CIDI Weighting Schemes per Two Retained Clusters 
 

Cluster 1 Cluster 2 
Topic Weight Topic Weight 

T9 12.5% T3 13.2% 
T1 12.1% T6 11.7% 
T2 11.6% T2 10.9% 
T10 11.1% T1 10.9% 
T7 11.1% T7 10.9% 
T4 10.8% T4 9.9% 
T6 10.7% T8 9.9% 
T3 9.0% T9 9.6% 
T8 8.4% T5 7.3% 
T5 2.6% T10 5.7% 

Source: Authors’ work 
 
 It is also of interest to observe the difference in the importance of topics between 
the two ranking schemes. For example, indicator T6 is the 7th most important indicator 
for the ranking procedure in Cluster 1 with the weight of 10.7%, while in Cluster 2 the 
same indicator is the 2nd most important indicator with the weight of 11.7%. The 
importance of indicator T10, Resolving insolvency, also visibly differs. In Cluster 1, it was 
given 11.1% weight and 4th importance, while in Cluster 2, the same indicator is least 
important with only 5.7% weight. Comparing the two ranking schemes, there are 
similarities: the importance of topics T2, T7, and T4. Namely, in both weighting schemes, 
they are the 3rd, 5th, and the 6th most important topics for the ranking procedure.  
 What should also be inspected is the comparison of the newly obtained weighting 
scheme and the official weighting scheme proposed by the World Bank. Taking a 
closer look of Cluster 1, several topics were assigned weights above the official 10%. 
Nevertheless, the observed weights were not significantly higher than the official 
threshold. However, the weight of indicator T5 attracts attention, as its weight 
decreased for 7.4 weight points, from 10% to 2.6%. In Cluster 2, there are also topics 
whose weights are above the official 10%. Again, they were not significantly higher 
than the official threshold. In this cluster, the weight of indicator T10 is visibly below the 
official weight; it is just 5.7%. The presented comparison provides evidence that one 
weighting scheme does not fit all observed countries and that the equal weighting 
scheme could be additionally scrutinised. 
  

Discussion and conclusion  
 In this research, we aimed to inspect whether one weighting scheme can be used 
to create a composite index, which ranks a large number of entities. The conducted 
analysis was twofold: first, we clustered the entities using the K-means algorithm, and 
second, we proposed a novel, data-driven indicator weights for each of the retained 
clusters using CIDI methodology.  
 The analysis of the obtained CIDI weighting schemes per cluster provides valuable 
information for policy and decision makers. In the presented case study, the results 
show that there is a difference in the weighting schemes and in the importance of 
topics for the ranking procedure between the two clusters. Meaning that a single 
weighting scheme might not be an adequate solution. Using the herein proposed 
weighting schemes, the decision makers can be sure that the difference in the topic’s 
values and differences between the observed countries have been taken into 
account when assigning weights. 



  
 
 

81 
 

Business Systems Research | Vol. 10 No. 2 |2019 

 The presented research has several benefits, which should be pointed out. First, it 
provides insights on how can 190 countries ranked by Doing Business Index be 
clustered. Secondly, it provides a new, data-driven weighting scheme for each cluster 
using the CIDI methodology. Thirdly, is signalises that the current weighting scheme 
and the list of countries ranked could be modified and scrutinised more thoroughly. 
The scientific contribution of the paper is that composite index creators should take 
into account the number of entities they plan to rank as there is evidence that one 
weighting scheme might not fit them all.  
 The conducted research has limitations, which should also be taken into account. 
Namely, the clustering approach and the data-driven weighting methods have been 
chosen based on expert knowledge of the authors. Other clustering approaches 
would have suggested different clustering structures and therefore, different 
weighting schemes within clusters. In addition, different data-driven weighting 
methods would suggest different weighting schemes. The presented experimental 
setting showed there is a difference between weighting schemes of the two clusters. 
However, we cannot guarantee that other experimental setting would show the 
same. In addition, in the presented case study, we scrutinised a composite index, 
which ranks a very large number of countries. Maybe there would not have been 
differences if the composite index ranked less than 100 entities.  
 Further directions of the study could be twofold. One direction of the study would 
be towards reducing the number of observed topics, which make the DBI. For 
example, post-hoc I-distance could be implemented (Savic et al., 2016). The second 
direction would be towards implementing hierarchical clustering methods (Miyamoto, 
2012) or more advanced clustering methods, such as biclustering (Kasim et al., 2016) 
as the clustering results indicate that the currently suggested clustering scheme could 
be modified. 
 We believe that the proposed approach for the analysis of composite indices and 
devising new weighting schemes could initiate further research on the topic of 
weighting schemes within composite indices. 
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