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Abstract: A data envelopment analysis (DEA) has yet to be chosen to assess countries’ financial
inclusion levels. We introduce an application of the DEA methodology to compute aggregate
performance measures regarding the financial inclusion of economies. We specifically explore
composite scores based on relative efficiency, super-efficiency, and cross-efficiency approaches. We
implement the proposed procedure to study the financial inclusion in nations from the West African
Economic and Monetary Union (WAEMU). We use the Union’s Central Bank’s financial inclusion
data from 2010 to 2017. We obtain robust financial inclusion level measures, showing that overall, in
the Union, there have been steady improvements during the study period, but with heterogenous
behavior at the level of each economy. A benchmarking analysis allowed us to determine the countries
with the best practices. For the remaining nations, we find their reference countries. Finally, we
identified which financial service sectors drive the financial inclusion in each country from the
optimal weights of the DEA model.

Keywords: financial inclusion; data envelopment analysis; composite index; WAEMU

1. Introduction

Financial inclusion has recently been a significant concern for the international com-
munity. This is particularly true for developing countries, especially in sub-Saharan Africa.
In 2021, according to the latest Global Findex survey of The World Bank (Demirgüç-Kunt
et al. 2022), a proportion of 76% of adults at the global level possessed an account at a bank
or a regulated institution such as a credit union, a microfinance institution, or a mobile
money service provider. At the global level, this rate has improved by 50% since the first
such survey in 2011 (Demirgüç-Kunt and Klapper 2012). However, when one considers
sub-Saharan African countries, this proportion of adults owning an account drops to 55%
(Demirgüç-Kunt et al. 2022). Hence, financial exclusion is a particularly acute problem
in many African countries. Indeed, the banking systems in these countries are deemed
less inclusive (Zins and Weill 2016). However, there is an interesting fact worth noting.
Despite exhibiting a relatively low rate of adults owning an account at a bank or a regulated
institution, sub-Saharan Africa had the most significant proportion of adults retaining an
account at a mobile money service provider at 33% (Demirgüç-Kunt et al. 2022).

Financial inclusion is a multidimensional concept. According to several scholars and
international organizations, such as the Alliance for Financial Inclusion (AFI) and the
Central Bank of West African States (BCEAO), financial inclusion is defined following
all, or part of, the following prisms or dimensions: access, quality, usage, and well-being.
It can be determined from a production economics perspective. It is then expected to
result in an improvement of economic productivity (Alliance for Financial Inclusion 2010;
Arun and Kamath 2015; Banque Centrale des États de l’Afrique de l’Ouest 2018a, 2018b;

J. Risk Financial Manag. 2022, 15, 605. https://doi.org/10.3390/jrfm15120605 https://www.mdpi.com/journal/jrfm

https://doi.org/10.3390/jrfm15120605
https://doi.org/10.3390/jrfm15120605
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jrfm
https://www.mdpi.com
https://orcid.org/0000-0003-4488-4947
https://orcid.org/0000-0002-1419-813X
https://doi.org/10.3390/jrfm15120605
https://www.mdpi.com/journal/jrfm
https://www.mdpi.com/article/10.3390/jrfm15120605?type=check_update&version=1


J. Risk Financial Manag. 2022, 15, 605 2 of 30

Demirgüç-Kunt et al. 2015; Le et al. 2019; Pearce and Ortega 2012; Zins and Weill 2016).
The concept of financial inclusion can also be outlined through the lens of development
economics as one of the tools that can help alleviate poverty (Arun and Kamath 2015).

Due to its complex (multidimensional) nature, it is particularly challenging to evaluate
financial inclusion. Specifically, providing a quantified answer to questions about what the
financial inclusion level of a country or an economy is, or should be, requires significant
work. Originally, the financial inclusion status was assessed using a single surrogate
indicator. Such an indicator is, for example, the rate of adults at the global level owning
an account at a bank or at a regulated institution such as a credit union, a microfinance
institution, or a mobile money service provider, used by Demirgüç-Kunt et al. (2022). This
index was initially proposed as the proportion of adults having an account in a formal
financial institution (bank, credit union, microfinance institution) in the first Global Findex
survey (Demirgüç-Kunt and Klapper 2012; Guérineau and Jacolin 2014). It was later revised
to integrate mobile money services (Demirgüç-Kunt et al. 2015, 2018, 2022).

With a single indicator, only partial information is involved in the assessment of
financial inclusion. This is a major inconvenience with the previous approach. To correct
this shortcoming, several authors proposed to aggregate several indices into a composite
index (Becker et al. 2017; Foster et al. 2013; Greco et al. 2019; Nardo et al. 2005). With
such an aggregate measure, the performance of entities is better evaluated. Indeed, one
obtains a summary numerical measure which incorporates multiple criteria or attributes,
combined using weight. These weights illustrate the relative importance of each attribute
(Permanyer 2011). Composite indicators (also known as synthetic indices or performance
indices) are popular instruments due to their simplicity. They have been adopted to study
several concepts such as human development, sustainability, perceived corruption, inno-
vation, competitiveness, entrepreneurship, and corporate social responsibility (Ahamed
and Mallick 2019; Anarfo et al. 2020; Cámara and Tuesta 2014; Cherchye 2001; Cherchye
and Kuosmanen 2004; Cherchye et al. 2004; Greyling and Tregenna 2017; Lovell et al. 1995;
Mahlberg and Obersteiner 2001; Melyn and Moesen 1991; Nicoletti et al. 2000; Storrie
and Bjurek 2000; Takouda et al. 2022). Nevertheless, the use of synthetic indices is not
exempt from criticism. According to some scholars and practitioners, such instruments are
statistically meaningless (Greco et al. 2019).

Composite indices measuring financial inclusion levels have been proposed in the
literature. Sarma (2008, 2012) proposed measures calculated using the technique of order
preference similarity to the ideal solution (TOPSIS) (Behzadian et al. 2012; Chakraborty
2022). Most approaches used to calculate composite measures of financial inclusion were
based on principal component analysis (PCA), a multivariate statistical technique (Greco
et al. 2019; Nardo et al. 2005). The PCA’s goal is to capture the largest variance possible
in the original (standardized) variables within as few components as possible. When one
constructs composite indicators, the PCA provides a data-driven approach. Actual data
drive the selection of aggregation weights, as opposed to them being chosen subjectively or
assumed to be all equal (Ahamed and Mallick 2019; Anarfo et al. 2020; Cámara and Tuesta
2014; Greyling and Tregenna 2017; Nicoletti et al. 2000). It is worth noting, however, that
other important decisions, such as how many principal components shall be considered
and retained, and whether a rotation method shall be used, may be made subjectively. We
usually have rules of thumb to help make such choices (Nicoletti et al. 2000).

Cámara and Tuesta (2014) used data from Demirgüç-Kunt and Klapper (2012) to
determine financial inclusion status aggregate measures. They considered three dimensions:
usage, access, and barriers to access and used a two-step PCA approach. First, composite
scores of each dimension are computed; then, these dimensional measures are aggregated
to determine the overall measure. PCA was the aggregation tool in each case, and all
principal components were incorporated into the measure. Ahamed and Mallick (2019)
used a similar two-step PCA approach on data from the Financial Access Survey (FAS)
from the International Monetary Fund (IMF) for a sample of 3635 banks from 86 countries
between 2004 and 2012. There were two slight differences. Only two dimensions (access
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and usage) are considered, and the dimensional scores, in the first step, were based on the
first principal component. Anarfo et al. (2020), on the other hand, used a classical PCA
approach to find composite scores from six (6) indicators for a sample of 217 countries,
including 48 sub-Saharan economies, for the period 1990–2014.

From the composite indices’ construction literature (Greco et al. 2019; Nardo et al.
2005), besides PCA, data envelopment analysis (DEA) is the other data-driven approach
that is frequently used. DEA is a non-parametric methodology used to measure the
relative efficiency of a collection of decision-making units (DMUs) considering several
inputs and outputs (Charnes et al. 1978). It has been used extensively in recent decades,
with applications to measure the performance or relative efficiency of private and public
organizations’ multiple sectors, including retail (Takouda and Dia 2016, 2019), mining, and
oil and gas production (Dia et al. 2019, 2021), as well as financial services (Dia et al. 2020a,
2020b). Recent surveys of DEA applications can be found in the work of Chen et al. (2019),
Emrouznejad and Yang (2018), and Fosso Wamba et al. (2018).

To build aggregate measures using DEA, one must use the benefit of the doubt (BoD)
approach (Greco et al. 2019; Nardo et al. 2005; Ouattara et al. 2021; Takouda et al. 2020;
Takouda et al. 2022). Such technique considers only one input, set equal to one (1), and
all the indicators that must be aggregated as outputs. BoD has been applied to assess
performance of various concepts, such as macroeconomic policies, labor market, social
inclusion, entrepreneurship, and corporate social responsibility (Aparicio and Kapelko
2019; Cherchye 2001; Cherchye and Kuosmanen 2004; Cherchye et al. 2004; Lovell et al. 1995;
Mahlberg and Obersteiner 2001; Melyn and Moesen 1991; Ouattara et al. 2021; Storrie and
Bjurek 2000; Takouda et al. 2020; Takouda et al. 2022). Unlike PCA, DEA does not require the
existence of a correlation between indicators. Furthermore, with DEA, we obtain weights
sensitive to each government’s political priorities. This is good since we are assessing
countries’ strategies or policies. It also eliminates suspicions of bias in the selection of the
weights since the weights applied to each country are the best, comparatively to the other
countries in the sample. Finally, with DEA, we can perform a benchmarking analysis.

Despite its popularity and wide range of applications, the DEA methodology has
seldom been used to build composite financial inclusion measures. We are only aware of
one application we proposed in the work of Takouda et al. (2020). A possible explanation
for this situation may be some limitations that the DEA has. First, we may obtain optimal
sets of weights that are not realistic. This results from optimizing while considering all
possible combinations of weights. We can avoid this issue with the imposition of restrictions
on the ranges of values that the weights can assume. This approach is called DEA with
weight restrictions (Greco et al. 2019). DEA can also suffer from a lack of discrimination
power among the units. This happens for example with DMUs considered efficient, who all
have the same optimal score equal to one (1). Hence, if we want to rank DMUs, we cannot
differentiate among efficient units. With post hoc DEA models, such as super-efficiency
and cross-efficiency DEA models (Alvarez et al. 2020; Angulo-Meza and Lins 2002; Doyle
and Green 1994; Greco et al. 2019), this other problem can be fixed. Finally, especially with
data coming from surveys, there is a risk of uncertainty or lack of accuracy of the data.
When using DEA models, bootstrapping (Simar and Wilson 1998, 2000; Toma et al. 2017)
can mitigate the impact of these problems.

In summary, the data envelopment analysis (DEA) methodology can be applied to
build composite measures of countries’ financial inclusion levels. However, it has rarely
been performed in the literature. We intend to contribute to closing this gap, and to use
the DEA methodology to evaluate the financial inclusion status of the economies in the
West African Economic and Monetary Union (WAEMU) from 2010 to 2017. WAEMU is
an economic region with unique characteristics, which makes it interesting to analyze.
First, from the economic history point of view, seven of the eight countries of the union
were French colonies. Hence, the creation of the union in January 1994 coincided with the
devaluation of the CFA Franc, the common currency of those previous French colonies.
The union’s objective was to enable economic integration based on a common market,
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competitive economies, and a convergence of the performances of the political and eco-
nomic institutions. WAEMU is also an economic zone distinguished by atomistic markets,
exhibiting a recent and exponential growth of the offer of mobile money services, followed
by a significative development of financial service firms which integrate innovations from
the information and communication technologies (fintech) in their activities.

We can summarize our contribution in this paper as follows. We extend the work
presented by Takouda et al. (2020) by applying the post hoc DEA models to calculate
aggregate measures of the financial inclusion level, allowing for a better discrimination
between countries. More specifically, we compute composite financial inclusion scores in
WAEMU using the classic DEA, the super efficiency DEA, as well as the benevolent and
the aggressive cross-efficiency DEA models. We compare these scores among each other
and with a PCA-based score (Indice Synthétique d’Inclusion Financière (ISIF)), inspired by
the approach of Cámara and Tuesta (2014)) published by the Central Bank of West African
Countries (Banque Centrale des États de l’Afrique de l’Ouest 2018a, 2018b). The proposed
measures are then used to rank the countries according to their levels of financial inclusion.
Finally, we perform a benchmarking analysis of the countries and an analysis of the optimal
weights of the Charnes–Cooper–Rhodes (CCR) DEA model (Charnes et al. 1978) to identify,
for each country, which indicators are the most important or relevant to their levels of
financial inclusion.

The rest of the paper is organized as follows. In Section 2, we review the literature
on the measurement of financial inclusion levels. The DEA methodology, the benefit of
the doubt approach and the post hoc DEA models relevant to the paper are presented in
Section 3. Our case study is illustrated in Section 4 and analyzed in Section 5. Section 6
concludes our paper.

2. Measurement of Financial Inclusion Levels: A Literature Review

Financial inclusion (FI) is a multidimensional concept. Each of its dimensions is
typically assessed using one of several indicators. Therefore, when one aims to measure
overall financial inclusion levels, multicriteria decision-making tools appear as the most
appropriate to achieve such an endeavor. There is a diversity of such tools (Doumpos and
Zopounidis 2014). In the context of FI, the methodologies used to assess can be seen as based
on the utility theory (Doumpos and Zopounidis 2014). In the first of those evaluations, the
utility function was derived from only one of the indicators of the dimensions, accepted as
the most representative (Demirgüç-Kunt and Klapper 2012; Guérineau and Jacolin 2014;
Demirgüç-Kunt et al. 2015, 2018, 2022).

Demirgüç-Kunt and Klapper (2012) were the first to attempt to assess the overall
financial inclusion of countries, considering its various dimensions. They used data from
the first Global Findex survey, which contained a sample of more than 150,000 adults (15
years or older) selected from 149 countries in 2011. The corresponding database included
sixty (60) indicators organized into four categories: account penetration, formal savings,
origination of new formal loans, and self-reported barriers to the use of a formal account.
The utility function adopted to represent financial inclusion in the study was the percentage
of adults owning an account in a formal institution. Demirgüç-Kunt and Klapper (2012)
observed that globally, only half of the adults held a bank account, with a heterogeneous
statistical distribution across the various regions of the world. For example, the ratio of
adults who possess a bank account is weaker in the Middle East and northern Africa (18%),
while it reaches 24% in sub-Saharan Africa. Some countries have a high proportion (such as
99% for Denmark), while others exhibit really low ones (such as 2% for Niger, Democratic
Republic of Congo, Guinea, or Cambodia).

Moreover, the penetration rate of financial services in the world economies can be
explained by their national Gross Domestic Product (GDP), gender, age distribution, edu-
cation level, and living environment (urban vs. rural). Finally, regarding specifically the
WAEMU (considering only Togo, Senegal, Niger, Mali, Guinea-Bissau, Burkina Faso, and
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Benin), on average, the proportion of adults owning a bank account is 8.26%. It is lower for
women (7.28%) than men (9.24%).

Using the same data from the 2017 Global Findex survey, Guérineau and Jacolin
(2014) analyzed levels and determinants of financial inclusion in sub-Saharan Africa. They
observed that among the economies of that region, those from the Franc zone show a pro-
portion of adults owning a bank account much lower than those from the other emerging
and developing countries. They also identify several determinants of access to financial
services, which include the level of economic development, the density of banking in-
frastructures, the quality of transportation services, the cost of financial services (which
themselves are impacted by the banking market (concentration and competition)), the
asymmetry of information (due to poor perceived quality of financial documentation), age,
income, education level, as well as other financial economic and institutional factors.

The Global Findex survey was updated in 2014 (Demirgüç-Kunt et al. 2015) into a
database containing a sample of more than 150,000 adults (15 years or older) selected from
143 countries. The database now includes new indicators related to electronic money and
domestic payments. There are hence more than a hundred (100) indicators organized
into four categories: account penetration, payment means, savings, loans/credits, and
financial resilience. The following new observations were made. Globally, a proportion
of 2% of adults own a mobile money account. In sub-Saharan Africa, 6% of adults own
both a formal bank account and a mobile money one, while another 6% own only a mobile
money account. A total of 10% of all adults in sub-Saharan countries owning mobile
money accounts lived in five (5) countries: Ivory Coast, Somalia, Tanzania, Uganda, and
Zimbabwe. Specifically, in WAEMU, on average, 17% of adults owned a formal account,
among whom 7% also owned a mobile money account. Finally, two-thirds of the 143
economies surveyed promoted financial inclusion through various national and regional
strategies. However, despite improving overall levels, women and low-income adults still
faced financial exclusion.

A second update of the Global Findex survey took place in 2017 (Demirgüç-Kunt et al.
2018), with the same sample size, but this time in 140 economies. It was observed that
globally, the proportion of adults owning an account had increased to 69%, with a ratio
of 94% for developed countries versus 63% for developing ones. This proportion reduces
to 37% on average when only the WAEMU is considered, with 25% also owning a mobile
money account. However, the ratio for women (65%) is still lower than for men (72%).

The latest update, the fourth of the Global Findex, occurred in 2021, with a year delay
due to the COVID-19 pandemic (Demirgüç-Kunt et al. 2022). The sample was, this time,
128,000 adults in 123 countries, representing 91% of the world population. The survey
indicated that the proportion of adults at the global level who possessed an account at
a bank or a regulated institution such as a credit union, a microfinance institution, or a
mobile money service provider was 76%. The proportion diminishes to 71% for developing
countries and 55% for sub-Saharan countries. Interestingly, on the other hand, sub-Saharan
countries exhibited the highest proportion of adults who retained an account with a mobile
money service provider at 33%. Hence, mobile money service providers seem to be one of
the drivers of financial inclusion in these countries. Finally, the gender gap had decreased:
it was now 6%.

Some studies (Ahamed and Mallick 2019; Anarfo et al. 2020; Cámara and Tuesta 2014;
Sarma 2008, 2012) in the literature used utility functions derived from multiple indicators
to assess levels of financial inclusion. Such methodological approaches aim at constructing
composite or aggregate indices by aggregating various dimension indicators into a unique
transversal index whose value indicates a country’s overall level of financial inclusion. In
such an approach, two operations are essential to obtain a high-quality index (Greco et al.
2019; Nardo et al. 2005). First, one must ensure that the indicators are comparable, typically
achieved by appropriate scaling. Second, one must determine the value of the aggregation
weights, which usually represent each indicator’s relative importance.
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Sarma (2008) applied TOPSIS (Behzadian et al. 2012; Chakraborty 2022) to construct
two indices to measure each country’s financial inclusion level from a sample based on
a given number of dimensions of FI. The first index considers a selection of 55 countries
with three dimensions: bank penetration, availability, and use of financial services, while
for the second one, only two dimensions (availability and use of financial services) are
considered for a sample of now 100 countries. In both cases, each country is represented by
a point in three (or two) dimensional space, and the index is calculated as the inverse of the
normalized Euclidian distance between the point representing the country and the ideal
point (the coordinates of which are all one (1)). Using these indices, countries are ranked,
and the orders are not the same for both indices. In Sarma (2012), the same author proposes
an alternative method where both the inverses of the distances to the ideal points and to
the anti-ideal point (the coordinates of which are all zero (0)) are computed, and the index
is calculated as the arithmetic average of these two inverses.

Ahamed and Mallick (2019), Anarfo et al. (2020), and Cámara and Tuesta (2014) use
methodologies based on the principal component analysis (PCA), as described by Nardo
et al. (2005) and Greco et al. (2019), to build composite indices to measure financial inclusion.
Note that when PCA is applied, the analyst can use only the first principal component, a
few first principal components, or all of them to compute the index. One-step and two-step
procedures have been proposed. In the former, all indicators, regardless of their dimensions,
are considered and aggregated. In the latter, in the first step, only indicators related to the
same dimension are aggregated, and dimensional indices are obtained. Then, in the second
step, dimensional indices are aggregated, again using PCA, to obtain the overall composite
index. Compared to the one-step approach, the two-step one is used to minimize the bias
of the PCA methods toward strongly correlated indicators.

Cámara and Tuesta (2014) used a two-step PCA approach to compute aggregated
indices of financial inclusion using data from the 2011 Global Findex across the three
dimensions of use, accessibility, and self-reported barriers (Demirgüç-Kunt and Klapper
2012). In both steps, all the principal components were used to calculate the dimensional
indices and the overall ones. The computed comprehensive indices are used to rank
countries, provide policy recommendations, and test various hypotheses regarding the
relationship between financial inclusion and various variables. Hence, the authors observed
correlations between financial inclusion and economic and institutional variables such as
the GDP, the education level, the banking system’s efficiency, and the financial system’s
development and stability.

Ahamed and Mallick (2019) used supply-side global banks data from the Financial
Access Survey (FAS) of the International Monetary Fund (IMF) for the period 2004–2012 to
measure levels of inclusion of 86 countries. Indicators of the access and usage dimensions
were considered. A two-step PCA approach is also used here. However, for the first step,
the dimensional indices are determined using only the first principal component. The
computed indices are used to rank countries and test various hypotheses regarding the
relationship between financial inclusion and two variables: the stability of the financial
system and the quality of the institutions.

Anarfo et al. (2020) used supply-side global banks data from the International Financial
Statistics (IFSs) for the period 1990–2014 to measure the financial inclusion status of 217
countries from several continents, including 48 from Africa. They applied a one-step PCA
approach to the above data to compute the financial inclusion levels of these 217 economies.
Using these results, the authors tested hypotheses on the relationships between financial
inclusion and the stability and regulations of the financial system.

In summary, two methodological avenues exist in the literature related to measuring
the level of financial inclusion using indicators of the relevant dimensions of the concept.
One uses a single indicator, typically the percentage of adults owning an account, consid-
ered representative, as the measure. This approach has the limitation of only looking at
the access side of financial inclusion and ignoring all the other aspects or dimensions. The
second methodological path aggregates several indicators, covering more than one dimen-



J. Risk Financial Manag. 2022, 15, 605 7 of 30

sion, to derive more composite or transversal measures. This includes approaches where
the aggregation’s weights are not explicitly derived, as in the work of Sarma (2008, 2012).
When the weights are explicitly determined, the chosen approach is usually PCA. Hence,
the approach inherits the limitations of the PCA, mainly the need for strong correlations
between indicators to obtain suitable quality measures. In both cases, the measures allow
for the ranking of the economies and hypothesis testing. Thankfully, other tools can be used
instead of PCA to achieve similar objectives (data-driven composite measures, ranking,
hypothesis testing) without the need for strong correlation among indicators.

Such an approach has already been successfully used to compute aggregate measures
for multidimensional concepts. It is called the benefit-of-the-doubt (BoD) approach and
it uses data envelopment analysis (DEA) as a tool. Using this tool also allows for a
benchmarking analysis; hence, an opportunity to identify countries that present the best
practices regarding financial inclusion. At the same time, for the remaining countries, target
countries that they should emulate to improve their performance are identified as well.
Our survey of the literature clearly indicates that the use of the BoD approach has never
been reported in the financial inclusion scholarly literature, except for in a conference paper
we published previously (Takouda et al. 2020). We intend to contribute to closing that gap
with this paper.

3. Data Envelopment Analysis (DEA)
3.1. Basic DEA Models

DEA has been a widely used decision-making technique in recent decades. It is an
operational research tool used to assess technical efficiency (Assaf et al. 2011; Daraio and
Simar 2007). DEA has hence been applied in multiple industries and sectors, such as
agriculture, banking, supply chain management, public policy, etc. We refer the reader
interested in the details of these applications to Emrouznejad and Yang (2018), an up-to-
date, state-of-the-art, contemporary special issue related to DEA and data analytics (Chen
et al. 2019; Fosso Wamba et al. 2018), and specifically for the financial services industry, to
the recent book by Paradi et al. (2018).

DEA models assess measure technical efficiencies of decision-making units (DMUs) as
a whole. They use the multiple inputs and outputs of the DMUs to determine comprehen-
sive measure of relative efficiency for a sample of DMUs. In addition, with the obtained
results, a benchmarking analysis can be performed: efficient units, which represent the best
practices are identified, together with reference or target efficient units that the non-efficient
ones should emulate to improve their efficiencies. This illustrates the significant benefits of
DEA models over parametric models used to assess efficiencies (Banker et al. 1986).

The Charnes–Cooper–Rhodes (CCR) (Charnes et al. 1978) and Banker–Charnes–Cooper
(BCC) (Banker et al. 1984) DEA models are the most frequently used. The former assesses
overall technical efficiencies, and the latter measures managerial efficiencies. Scale efficien-
cies are obtained from the ratio of overall technical efficiencies to managerial efficiencies
(Banker et al. 1984). We will focus here on introducing the CCR DEA model that we intend
to use in our study.

If one denotes by n the number of DMUs, t the number of outputs, m the number
of inputs, xis the value of the input s for the DMUi, yir the value of the output r for the
DMUi‘s overall technical efficiency score, hCCR

i , the DMUi is computed by solving the linear
program (LP):

Max hCCR
i =

t

∑
r=1

µryir (1)

m

∑
s=1

νsxis = 1 (2)

t

∑
r=1

µryjr −
m

∑
s=1

νsxjs ≤ 0, j = 1, · · · , n (3)
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µr, νs ≥ ε (4)

Generally, index i indicates the DMU being assessed, µr is the relative importance
of the output r, νs is the relative importance of the input s, and ε is a small positive real
number.

For the CCR model (1)–(4), a DMU is efficient if the corresponding optimal ratio hCCR

is equal to one (100%). It is inefficient when this ratio is smaller than one. In this model,
the ratio can be interpreted as the proportion of the current inputs of the DMU that should
yield the current outputs if the DMU were efficient. In other words, the inputs must be
reduced by (1 − hCCR) with the same output level if the DMU wants to become efficient.

3.2. Benefit of the Doubt

The benefit of the doubt (BoD) technique consist in using the model (1)–(4) above to
compute composite indices (Cherchye 2001; Greco et al. 2019; Nardo et al. 2005; Ouattara
et al. 2021; Takouda et al. 2020, 2022). We consider as the outputs the indicators intended to
be aggregated and only one input equal to one (1) for all DMUs.

Model (1)–(4) becomes:

Max hCCR
i =

t

∑
r=1

µryir (5)

t

∑
r=1

µryjr ≤ 1, j = 1, · · · , n (6)

µr ≥ ε (7)

Note that with a single input equal to 1, from constraint (2)
m
∑

s=1
νsxis = 1 ⇔ νs × 1 = 1

and
m
∑

s=1
νsxjs = 1 in constraint (3).

Here, using DEA, one aims to optimize over all possible combinations of weights
to obtain the most favorable composite score for the assessed unit. When our units are
countries, the set of optimal weights obtained from model (5)–(8) are sensitive to the
political priorities of each country and the composite score calculated is the most favorable
for the assessed country (Cherchye 2001; Nardo et al. 2005).

The BoD approach has been applied in several contexts (see Aparicio and Kapelko
2019; Cherchye 2001; Cherchye and Kuosmanen 2004; Cherchye et al. 2004; Lovell et al.
1995; Mahlberg and Obersteiner 2001; Melyn and Moesen 1991; Ouattara et al. 2021; Storrie
and Bjurek 2000; Takouda et al. 2020, 2022). We refer the reader to the work of Greco et al.
2019 for a recent detailed review of these applications.

3.3. Post Hoc DEA Models

The DEA methodology has several limitations.
DEA optimizes (see model (1)–(4)) while considering all possible values of the weights

(µr, υr). Some obtained optimal weights may be impractical, in particular in the BoD
approach. We consider constraint (7) here, and whether a given weight µr significantly
differs from ε. It may occur that there is only one weight µr significantly different from
ε (assigned to the indicator with the highest value), and the weights of all the remaining
indicators are not significantly different from ε. This issue can be fixed by introducing
constraints to prevent the weights from assuming certain values. We obtain a model
called DEA with weight restrictions. There are multiple possibilities for such restriction
constraints, such as direct weight restrictions, cone ratio restrictions, assurance region
restrictions, and virtual inputs and output restrictions (see Angulo-Meza and Lins (2002)
and Greco et al. (2019)).

Another challenge of DEA is that the efficiency scores may fail to differentiate between
some units, for example, when units are efficient. In that case, the score of all (efficient)
units is 100%. This is particularly challenging in a BoD approach. A solution to avoid this



J. Risk Financial Manag. 2022, 15, 605 9 of 30

issue is to use the super-efficiency DEA model (Alvarez et al. 2020; Angulo-Meza and Lins
2002; Greco et al. 2019). We modify constraint (3) in the model (1)–(4), by requiring it to be
satisfied for all DMUs except the one (DMUi) being assessed. We obtain the model (8)–(11)
below (Alvarez et al. 2020; Angulo-Meza and Lins 2002).

Max hSE
i =

t

∑
r=1

µryir (8)

m

∑
s=1

νsxis = 1 (9)

t

∑
r=1

µryjr −
m

∑
s=1

νsxjs ≤ 0, j = 1, · · · , n; j 6= i (10)

µr, νs ≥ ε (11)

Hence, if DMUi was not efficient previously (hCCR
i < 100%), its super-efficiency score

obtained from (8)–(11) is the same as the CCR efficiency score from (1)–(4). If the DMU was
efficient previously (hCCR

i = 100%), its super-efficiency score obtained from (8)–(11), since
it is no longer restricted, can be greater than or equal to 100%. Moreover, there is no longer
a lack of discrimination issues due to all the efficient units having a score of 100%. A BoD
mathematical formulation can be derived similarly as we did for the model (5)–(7).

The cross-efficiencies of units provide an alternative way to increase discrimination
among efficient DMUs (Alvarez et al. 2020; Angulo-Meza and Lins 2002; Doyle and Green
1994). The idea is the following. Through the DEA model (1)–(4), the unit being assessed
(DMUi) performs a self-evaluation against the other units j = 1, . . . , n, j 6= i, and that
self-evaluation is derived using the optimal weight µi

r , νi
s. We can then calculate the

following quantity:

Eij =
∑t

r=1 µi
ryjr

∑m
s=1 νi

sxjs
, i = 1, · · · , n; j = 1, · · · , n

The quantity Eij is denoted by the cross-efficiency of DMUj using the weighting
scheme of DMUi. Therefore, the quantity Eii is precisely the optimal solution hCCR

i from

the model (1)–(4). Let us recall that
m
∑

s=1
νi

sxis = 1 from constraint (2) and hCCR
i =

t
∑

r=1
µi

ryir.

The cross-efficiencies of DMUj (j = 1, · · · n) using the weighting scheme of DMUi
(i = 1, · · · n) form a matrix E =

(
Eij

)
i,j. From E, the cross-efficiency score of the DMUi

is determined as the average of the quantities Eij along the row i, or in other words, the
average of all cross-efficiencies calculated using the optimal weighting scheme of DMUi. It
is also possible to calculate the average of all the quantities Eij, excluding Eii. Note that all
the quantities Eij along the row i are less than or equal to Eii. Hence, the cross-efficiency
score of the DMU i is smaller than its self-efficiency Eii.

In practice, the optimal weight µi
r , νi

s obtained from the model (1)–(4) is often not
unique. As a result, we may obtain different values for the cross-efficiency score of the
DMUi for the same set of DMUs. To fix this issue, secondary goals have to be consid-
ered when one calculates these cross-efficiency scores of a DMU (Alvarez et al. 2020;
Angulo-Meza and Lins 2002). The most common approaches use benevolent (respectively
aggressive) models, which consist in maximizing (respectively minimizing) the sum of all
cross-efficiencies of DMUj using the weighting scheme of DMUi, subject to two constraints:

(a) The cross-efficiency of DMUi using the weighting scheme of DMUi remains equal to
the optimal solution hCCR

i from the model (1)–(4);
(b) No cross-efficiency of DMUj using the weighting scheme of DMUi is greater than one.
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As described above, both benevolent and aggressive models result in nonlinear opti-
mization problems since their objective functions are the sums of ratio functions. It can,
however, be linearized into the following linear program for the benevolent approach
(Alvarez et al. 2020; Angulo-Meza and Lins 2002).

Max Ei = ∑
j 6=i

t

∑
r=1

µi
ryjr −∑

j 6=i

m

∑
s=1

νi
sxjs (12)

m

∑
s=1

νi
sxis = 1 (13)

t

∑
r=1

µi
ryir − Eii

m

∑
s=1

νi
sxis = 0 (14)

t

∑
r=1

µi
ryjr −

m

∑
s=1

νi
sxjs ≤ 0 ∀ j 6= i, j = 1, · · · , n (15)

µi
r , νi

s ≥ 0 (16)

The quantity Ei is the benevolent cross-efficiency score for DMUi. The linear program
corresponding to the aggressive approach is the minimization of the objective function in
(12) subjected to the constraints (13)–(16). Again, BoD mathematical formulations can be
derived similarly as we did for the models (5)–(7).

4. Case Study

The West African Economic and Monetary Union (WAEMU) (in French, Union Économique
et Monétaire Ouest-Africaine (UEMOA)) is an economic zone formed by eight countries:
Benin (BE), Burkina Faso (BF), Côte d’Ivoire (CI), Guinée-Bissau (GB), Mali (MA), Niger (NG),
Sénégal (SE), and Togo (TG), which are working together toward greater regional integration
with unified tariffs. Except for Guinée-Bissau, previously colonized by Portugal, all the
above countries were French colonies. All these countries are classified as low or low–
middle income countries. They share a central bank, the Central Bank of West African
States (BCEAO), which drives the union’s monetary policy. Overall, the financial sector
in the WAEMU countries is significantly underdeveloped, with banks dominating the
financial sector.

In this context, the central bank, BCEAO, defined inclusive finance as the state in
which the population permanently accesses a broad and diversified range of convenient
financial services and products at affordable costs, used effectively and efficiently. To
monitor and assess the level of financial inclusion, the bank has retained three of the
four dimensions adopted in Alliance for Financial Inclusion (2010): access, usage, and
quality. These dimensions are measured using sixteen (16) indicators. The Central Bank
annually computes and publishes a synthetic index of financial inclusion (ISIF) using all
the indicators of financial inclusion above (Banque Centrale des États de l’Afrique de
l’Ouest 2018a, 2018b). This index allows for an appreciation of each country’s financial
inclusion level. Since 2017, the index has been determined using PCA following the
approach proposed by Cámara and Tuesta (2014). Before 2017, the indices were calculated
using subjectively determined weights. Table 1 below summarizes the values of ISIF for
2010–2017. Note that “St. Dev.” stands for “standard deviation”.
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Table 1. ISIF—Descriptive analysis.

Economies 2010 2011 2012 2013 2014 2015 2016 2017 Mean Median St. Dev.

BE 0.1700 0.2260 0.2310 0.2450 0.2760 0.3290 0.4040 0.5560 0.3046 0.2605 0.1241

BF 0.1950 0.1980 0.1980 0.2200 0.2610 0.2830 0.2900 0.3510 0.2495 0.2405 0.0565

CI 0.2250 0.2350 0.2480 0.2760 0.3250 0.3460 0.3630 0.4140 0.3040 0.3005 0.0684

GB 0.1370 0.1370 0.1640 0.1760 0.1800 0.1830 0.1850 0.1790 0.1676 0.1775 0.0199

MA 0.1880 0.1940 0.1970 0.2100 0.2540 0.3030 0.3300 0.3500 0.2533 0.2320 0.0660

NG 0.1390 0.1410 0.1600 0.2140 0.2260 0.2540 0.2320 0.2290 0.1994 0.2200 0.0454

SEN 0.2530 0.2640 0.2810 0.3340 0.3880 0.4300 0.3750 0.4590 0.3480 0.3545 0.0776

TG 0.1960 0.2040 0.2110 0.2330 0.2480 0.2820 0.3020 0.4330 0.2636 0.2405 0.0780

Mean 0.1879 0.1999 0.2113 0.2385 0.2698 0.3013 0.3101 0.3714 0.2613 0.2400 0.0880

Median 0.1915 0.2010 0.2045 0.2265 0.2575 0.2930 0.3160 0.3825

St. Dev. 0.0397 0.0439 0.0411 0.0482 0.0631 0.0720 0.0741 0.1228

From Table 1, one can observe that from 2010 to 2017, overall, the level of inclusion
in the Union has increased on average consistently every year. The situation is much
more heterogeneous at the level of each of the economies. They experienced increased
financial inclusion between 2010 and 2015 but at different rates. From 2015 to 2017, five
of the countries (Benin, Burkina, Ivory Coast, Mali, and Togo) continued their steady
improvement; Senegal took a dip in 2016, which it has recovered from since, while the
Niger and Guinea-Bissau saw slight deteriorations in both 2016 and 2017.

In our case study, we use data envelopment analysis as an alternative methodology to
measure levels of financial inclusion in WAEMU. As explained in the previous sections,
DEA has the advantage of providing more than rankings of the economies. We can use
the efficiency scores calculated to identify the countries exhibiting the best practices and
reference countries for the remaining countries. In addition, analyzing the optimal weights
from the DEA computations could allow us to identify which financial inclusion indicators
contribute most significantly to the performance levels. On the practical policy side, the
analysis we propose will allow policy and decision-makers to appreciate precisely the
efforts each country has made in implementing their national financial inclusion strategies
and, secondly, to obtain benchmarks they can emulate to improve their situations.

We have retained two dimensions to construct our proposed aggregate measure based
on DEA: access and usage. For this first study, we have decided to exclude the quality
dimensions to avoid the use of undesirable outputs. Indeed, in the context of WAEMU,
the indicator of the third dimension (quality) retained was accessibility–price, measured
using various deposits and loan interest rates whose ideal values are the smallest ones,
when the ones for all the indicators pertinent to the two other dimensions are the largest.
Note that using the dimensions access and usage to measure levels of inclusions is also
consistent with the literature, namely from the work of Ahamed and Mallick (2019), Anarfo
et al. (2020), and Cámara and Tuesta (2014).

We have hence selected 10 of the indicators of the access and usage of financial
inclusion dimensions presented in Table 2. To avoid redundancy, we have restricted
ourselves to indicators specific to the three primary financial sectors in the economic union
(banks, microfinance, electronic/mobile money). The two remaining excluded indicators
are more transversal across the three sectors.
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Table 2. Description of the selected financial inclusion indicators.

Dimension Abbreviation Definition
(Based on the Adult Population, 15 Years and Older)

Access

PDB Rate of demographic penetration of banking services:
Ratio of number of banking service points to adult population × 10,000

PDM Rate of demographic penetration of microfinance services:
Ratio of number of microfinance service points to adult population × 10,000

PDME Rate of demographic penetration of electronic money services:
Ratio of number of electronic money service points to adult population × 10,000

PGB Rate of geographic penetration of banking services:
Ratio of number of banking service points to total area × 1,000 km2

PGM Rate of geographic penetration of microfinance services:
Ratio of number of microfinance service points to total area × 1,000 km2

PGME Rate of geographic penetration of electronic money services:
Ratio of number of electronic money service points to total area × 1,000 km2

Usage

UBA
Rate of utilization of banking services:

Ratio of number of physical persons owning a deposit or loan account in banks to
adult population

UMA
Rate of utilization of microfinance services:

Ratio of number of physical persons owning an account in microfinance
institutions to adult population

UMEA-O
Rate of utilization of electronic money services—opened account:

Ratio of number of physical persons owning an opened electrical money account
in electrical money service providers to adult population

UMEA-A
Rate of utilization of electronic money services—active account:

Ration of number of physical persons owning an active electrical money account
in electrical money service providers to adult population

To calculate our DEA-based aggregate scores, we build a CCR DEA model (model
(1)–(4) of the previous section) with only one input whose value is one (1) for all DMUs.
The outputs are the ten (10) indicators from Table 2. The DMUs are the country considered
in a given year. Hence, for example, the DMU BF2012 represents Burkina Faso’s economy
in 2012. As a result, we obtain a sample of 64 DMUs. Given that the sum of the input and
outputs is 11, our DEA model satisfies the triple-sum rule of thumb (64 ≥ 3 × (1 + 10)) to
obtain qualitatively good models.

Since we know the limitations of the classic CCR DEA models, especially when one
aims at calculating composite scores, as explained in Section 3, we have also computed
aggregate scores using the super-efficiency and cross-efficiency models.

We collected the output data pertinent to the ten (10) indicators for the eight countries
of WAEMU (Benin [BE], Burkina Faso [BF], Ivory Coast [CI], Guinea-Bissau [GB], Mali
[MA], Niger [NG], Senegal [SEN], and Togo [TG]), and the period of study 2010–2017. We
summarized them in Table 3. Note that “St. Dev.” stands for “standard deviation”.
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Table 3. Descriptive analysis of the outputs.

PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

Sample

N 64 64 64 64 64 64 64 64 64 64

Mean 0.758 0.662 12.379 2.900 2.736 41.109 11.662 18.340 16.631 9.270

Median 0.808 0.667 4.114 2.547 1.384 12.234 11.589 13.932 6.467 3.126

St. Dev. 0.273 0.411 15.293 2.251 2.631 67.131 4.914 13.336 20.460 11.558

2010

# 8 8 8 8 8 8 8 8 8 8

Mean 0.159 0.635 0.281 1.904 2.384 1.033 8.451 15.243 0.299 0.152

Median 0.549 0.571 0.000 1.799 1.158 0.000 8.772 14.023 0.000 0.000

St. Dev. 0.628 0.450 0.796 1.540 2.450 2.922 4.349 9.952 0.553 0.279

2011

# 8 8 8 8 8 8 8 8 8 8

Mean 0.198 0.629 0.622 2.183 2.418 1.423 9.927 15.214 3.341 1.978

Median 0.615 0.590 0.450 2.165 1.152 0.414 9.545 13.803 1.275 0.826

St. Dev. 0.692 0.424 0.703 1.702 2.496 2.185 5.689 10.544 5.877 3.606

2012

# 8 8 8 8 8 8 8 8 8 8

Mean 0.225 0.655 2.088 2.442 2.585 5.390 10.193 16.439 5.334 3.128

Median 0.671 0.619 2.402 2.406 1.287 2.290 10.717 14.622 1.677 1.178

St. Dev. 0.761 0.429 1.837 1.921 2.701 6.096 4.737 11.121 8.289 5.036

2013

# 8 8 8 8 8 8 8 8 8 8

Mean 0.279 0.680 6.314 2.825 2.698 16.766 11.305 18.785 9.221 5.701

Median 0.764 0.725 3.465 2.803 1.519 7.909 12.372 14.957 5.915 3.288

St. Dev. 0.837 0.426 7.139 2.136 2.780 23.127 4.922 14.830 12.346 7.673

2014

# 8 8 8 8 8 8 8 8 8 8

Mean 0.296 0.686 13.680 3.093 2.797 37.379 12.238 19.497 16.892 10.181

Median 0.807 0.741 13.467 3.005 1.598 23.024 13.440 14.681 8.790 2.938

St. Dev. 0.861 0.444 10.688 2.401 2.780 38.305 4.956 15.678 16.175 13.010

2015

# 8 8 8 8 8 8 8 8 8 8

Mean 0.329 0.693 21.790 3.309 2.951 63.064 12.876 20.309 23.351 12.005

Median 0.856 0.758 20.026 3.199 1.674 50.233 14.857 15.341 18.243 9.790

St. Dev. 0.919 0.455 14.348 2.512 2.965 50.909 4.242 15.932 16.845 8.405

2016

# 8 8 8 8 8 8 8 8 8 8

Mean 0.324 0.644 20.894 3.538 2.964 67.480 13.906 20.577 27.339 16.562

Median 0.866 0.730 21.680 3.421 1.776 54.233 16.048 15.391 26.692 15.925

St. Dev. 0.889 0.398 13.869 2.767 3.083 57.991 4.341 16.193 16.208 10.520
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Table 3. Cont.

PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

2017

# 8 8 8 8 8 8 8 8 8 8

Mean 0.364 0.676 33.365 3.909 3.092 136.336 14.404 20.658 47.271 24.453

Median 0.935 0.729 32.981 3.535 1.811 120.933 16.262 15.366 55.773 25.943

St. Dev. 0.943 0.483 19.813 3.040 3.076 125.299 5.217 16.316 28.149 15.040

5. Analysis and Discussions

Let us recall that our study had the following objectives. First, we aimed to compute
the aggregate scores (ASs) of financial inclusion of the eight economies of WAEMU for
2010–2017, rank them according to their performance, and compare our findings to the ones
obtained using the ISIF scores. In addition, we wanted to perform a benchmarking analysis
of the countries. Our third objective was to analyze the optimal aggregation weights
obtained through DEA to further understand further which of the ten (10) indicators
contribute the most to the country’s performance. Therefore, we solved the CCR DEA
models designed in the previous section. Furthermore, since we intend to rank the countries,
and knowing that the basic DEA models do not always discriminate strongly against the
DMUs, we have also run three post hoc DEA models, namely, the super-efficiency, the
benevolent cross-efficiency, and the aggressive cross-efficiency models. Our findings are
summarized below.

5.1. DEA-Based Composite Measures of Financial Inclusion and Performance Ranking in WAEMU

We summarize the actual scores obtained using the various DEA models. Table 4
presents the aggregate scores (ASs) of financial inclusion obtained from the CCR DEA
models and their descriptive statistics overall, by country, and by year. Table 5 presents
similar information for the composite scores obtained from the DEA super-efficiency models
(AS–SE) (further ahead, the benevolent cross-efficiency (AS–CEB) and the aggressive cross-
efficiency (AS–CEA) models, respectively, in Tables 6 and 7). Note that “St. Dev.” stands
for “standard deviation”.

Table 4. ASs—Descriptive analysis.

Economies 2010 2011 2012 2013 2014 2015 2016 2017 Average Median St. Dev.
BE 0.6349 0.6127 0.6425 0.7667 0.7950 0.7909 0.8380 1.0000 0.7601 0.7788 0.1293
BF 0.3938 0.4151 0.4827 0.5241 0.5791 0.6935 0.7854 0.9984 0.6090 0.5516 0.2063
CI 0.5696 0.9284 0.7828 0.8162 0.9084 0.8615 0.9423 1.0000 0.8511 0.8850 0.1336

MA 0.6391 0.6224 0.6338 0.6811 0.7155 0.8124 0.8255 0.9118 0.7302 0.6983 0.1073

NG 0.1466 0.1595 0.1827 0.2893 0.3904 0.5483 0.3658 0.3741 0.3071 0.3276 0.1396
SEN 0.8538 0.7949 0.7995 0.8042 0.9274 0.9095 0.8926 1.0000 0.8727 0.8732 0.0731
GB 0.2877 0.3245 0.3990 0.6034 0.6178 0.6947 0.7107 0.7252 0.5454 0.6106 0.1802
TG 0.8326 0.8380 0.9132 0.9425 0.9271 0.9629 1.0000 1.0000 0.9270 0.9348 0.0646

Mean 0.5448 0.5869 0.6045 0.6784 0.7326 0.7842 0.7950 0.8762 0.7003 0.7747 0.2328

Median 0.6023 0.6176 0.6381 0.7239 0.7553 0.8016 0.8318 0.9992

St. dev. 0.2517 0.2688 0.2397 0.2046 0.1945 0.1343 0.1955 0.2244
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Table 5. AS–SE—Descriptive analysis.

Economies 2010 2011 2012 2013 2014 2015 2016 2017 Average Median St. Dev.
BE 0.6349 0.6127 0.6425 0.7667 0.7950 0.7909 0.8380 1.7327 0.8517 0.7788 0.3661
BF 0.3938 0.4151 0.4827 0.5241 0.5791 0.6935 0.7854 0.9984 0.6090 0.5516 0.2063
CI 0.5696 0.9284 0.7828 0.8162 0.9084 0.8615 0.9423 1.2995 0.8886 0.8850 0.2045

MA 0.6391 0.6224 0.6338 0.6811 0.7155 0.8124 0.8255 0.9118 0.7302 0.6983 0.1073

NG 0.1466 0.1595 0.1827 0.2893 0.3904 0.5483 0.3658 0.3741 0.3071 0.3276 0.1396
SEN 0.8538 0.7949 0.7995 0.8042 0.9274 0.9095 0.8926 1.2930 0.9094 0.8732 0.1635
GB 0.2877 0.3245 0.3990 0.6034 0.6178 0.6947 0.7107 0.7252 0.5454 0.6106 0.1802
TG 0.8326 0.8380 0.9132 0.9425 0.9271 0.9629 1.1106 1.4387 0.9957 0.9348 0.1987

Mean 0.5448 0.5869 0.6045 0.6784 0.7326 0.7842 0.8089 1.0967 0.7296 0.7747 0.2927

Median 0.6023 0.6176 0.6381 0.7239 0.7553 0.8016 0.8318 1.1457

St. dev. 0.2517 0.2688 0.2397 0.2046 0.1945 0.1343 0.2150 0.4318

Table 6. AS–CEB—Descriptive analysis.

Economies 2010 2011 2012 2013 2014 2015 2016 2017 Average Median St. Dev.
BE 0.4590 0.5023 0.5398 0.6269 0.6531 0.6769 0.7256 0.7836 0.6209 0.6400 0.1124
BF 0.3035 0.3409 0.3726 0.4203 0.4682 0.5339 0.5599 0.5990 0.4498 0.4442 0.1082
CI 0.3843 0.5087 0.4978 0.5461 0.5889 0.5985 0.6426 0.6995 0.5583 0.5675 0.0972

MA 0.4585 0.4823 0.5094 0.5349 0.5701 0.6327 0.6141 0.6738 0.5595 0.5525 0.0763

NG 0.1054 0.1213 0.1470 0.1905 0.2234 0.2624 0.2449 0.2261 0.1901 0.2070 0.0590
SEN 0.5958 0.6274 0.6650 0.7264 0.8134 0.8260 0.7702 0.9707 0.7494 0.7483 0.1228
GB 0.1764 0.1934 0.2322 0.3157 0.3391 0.3878 0.4151 0.4168 0.3096 0.3274 0.0978
TG 0.6240 0.6408 0.6890 0.7497 0.7889 0.8361 0.8817 0.9401 0.7688 0.7693 0.1141

Mean 0.3884 0.4271 0.4566 0.5138 0.5556 0.5943 0.6068 0.6637 0.5258 0.5429 0.2127

Median 0.4214 0.4923 0.5036 0.5405 0.5795 0.6156 0.6283 0.6867

St. dev. 0.1854 0.1915 0.1935 0.1955 0.2059 0.1989 0.2027 0.2516

Table 7. AS–CEA—Descriptive analysis.

Economies 2010 2011 2012 2013 2014 2015 2016 2017 Average Median St. Dev.
BE 0.4321 0.4708 0.5046 0.5862 0.6159 0.6494 0.7104 0.7945 0.5955 0.6010 0.1235
BF 0.2849 0.3171 0.3488 0.3983 0.4448 0.5123 0.5403 0.6029 0.4312 0.4216 0.1137
CI 0.3477 0.4756 0.4674 0.5169 0.5664 0.5732 0.6203 0.6856 0.5316 0.5416 0.1041

MA 0.4251 0.4461 0.4706 0.4952 0.5381 0.6025 0.5889 0.6444 0.5264 0.5167 0.0798

NG 0.0972 0.1118 0.1360 0.1788 0.2132 0.2529 0.2319 0.2127 0.1793 0.1958 0.0581
SEN 0.5630 0.5881 0.6252 0.6898 0.7884 0.8057 0.7438 0.9518 0.7195 0.7168 0.1300
GB 0.1594 0.1748 0.2092 0.2820 0.3050 0.3492 0.3752 0.3770 0.2790 0.2935 0.0883
TG 0.5917 0.6069 0.6524 0.7093 0.7425 0.7964 0.8446 0.9268 0.7338 0.7259 0.1177

Mean 0.3626 0.3989 0.4268 0.4821 0.5268 0.5677 0.5819 0.6495 0.4995 0.5146 0.2097

Median 0.3864 0.4585 0.4690 0.5060 0.5523 0.5878 0.6046 0.6650

St. dev. 0.1770 0.1819 0.1844 0.1875 0.1996 0.1952 0.2001 0.2557

The results presented in Tables 4–7 show that, using the DEA models with ten of the
financial inclusion indicators presented previously, we were able to obtain various relevant
composite scores of financial inclusion in the eight countries of the economic union.

We have further investigated how these new measures compare with ISIF, the only
other existing measure computed using the same dataset, by presenting a graphical repre-
sentation of all five scores for the 64 DMUs (see Figure 1).
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Figure 1. ISIF, AS, AS–SE, AS–CEB, and AS–CEA for the sample.

We observe an apparent concordance between the scores for all the DMUs, as their
patterns are highly similar.

Using these scores, we have further confirmed this visual information by performing
three correlation analyses based on Pearson, Spearman, and Kendall’s Tau coefficients. It is
worth noting that we have used these three analyses because previous Shapiro–Wilk tests
for multivariate (see Table 8) and bivariate normality (see Table 9) significantly rejected the
hypothesis of normality in all cases except for the pairwise (AS—AS–CEA) comparison.
Table 10 presents the correlation matrix resulting from the correlation analyses.

Table 8. Shapiro–Wilk Test for multivariate normality.

Shapiro–Wilk p-Value

0.458 0.000 ***
***: significant at p = 0.01.

Table 9. Shapiro–Wilk Test for bivariate normality.

Pairs Shapiro–Wilk p-Value

ISIF—AS 0.921 0.000 ***

ISIF—AS–SE 0.955 0.02 **

ISIF—AS–CEB 0.924 0.000 ***

ISIF—AS–CEA 0.927 0.000 ***

AS—AS–SE 0.371 0.000 ***

AS—AS–CEB 0.948 0.009 ***

AS—AS–CEA 0.974 0.186

AS–SE—AS–CEB 0.754 0.000 ***

AS–SE—AS–CEA 0.790 0.000 ***

AS–CEB—AS–CEA 0.905 0.000 ***
**: significant at p = 0.05. ***: significant at p = 0.01.
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Table 10. Correlation matrix.

Measure Correlation ISIF AS AS–SE AS–CEB AS–CEA

AS Pearson’s r 0.713 ***
(0.000)

Spearman’s
rho

0.757 ***
(0.000)

Kendall’s
Tau B

0.569 ***
(0.000)

AS-SE Pearson’s r 0.813 ***
(0.000)

0.926 ***
(0.000)

Spearman’s
rho

0.758 ***
(0.000)

1.000 ***
(0.000)

Kendall’s
Tau B

0.571 ***
(0.000)

0.998 ***
(0.000)

AS-CEB Pearson’s r 0.761 ***
(0.000)

0.925 ***
(0.000)

0.887 ***
(0.000)

Spearman’s
rho

0.793 ***
(0.000)

0.915 ***
(0.000)

0.914 ***
(0.000)

Kendall’s
Tau B

0.614 ***
(0.000)

0.766 ***
(0.000)

0.7666 ***
(0.000)

AS-CEA Pearson’s r 0.788 ***
(0.000)

0.922 ***
(0.000)

0.896 ***
(0.000)

0.999 ***
(0.000)

Spearman’s
rho

0.809 ***
(0.000)

0.923 ***
(0.000)

0.923 ***
(0.000)

0.998 ***
(0.000)

Kendall’s
Tau B

0.634 ***
(0.000)

0.778 ***
(0.000)

0.775 ***
(0.000)

0.972 ***
(0.000)

*: significant at p = 0.1. **: significant at p = 0.05. ***: significant at p = 0.01.

The analyses confirmed our visual findings. The five measures of financial inclusion,
ISIF, and our four DEA-based ones, are concordant, as the three correlation coefficients
are all strong and significant. We can therefore conclude that by using data envelopment
analysis, we can obtain qualitatively suitable measures of financial inclusion.

5.2. Financial Inclusion Performance Level and Ranking in WAEMU

The second objective of this study was to use our proposed DEA-based composite
score to assess the level of performance of the economies of WAEMU when it comes to
financial inclusion. Looking at the union level, we have computed descriptive statistics
of scores obtained from our five measures annually in Table 11. We have also performed
two ANOVA analyses to determine whether there were differences in the annual averages.
Note that d.o.f. stands for “degree of freedom”.

Table 11. All financial inclusion measures by year.

Year Sample Size Average (Standard Deviation)

AS 1 ISIF 2 AS–SE 3 AS–CEB AS–CEA

2010 8 0.544 (0.252) 0.188 (0.040) 0.545 (0.252) 0.388 (0.185) 0.363 (0.177)

2011 8 0.587 (0.269) 0.200 (0.044) 0.587 (0.269) 0.427 (0.192) 0.399 (0.182)

2012 8 0.605 (0.240) 0.211 (0.041) 0.605 (0.240) 0.457 (0.194) 0.427 (0.184)
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Table 11. Cont.

Year Sample Size Average (Standard Deviation)

AS 1 ISIF 2 AS–SE 3 AS–CEB AS–CEA

2013 8 0.678 (0.204) 0.239 (0.048) 0.678 (0.205) 0.514 (0.196) 0.482 (0.187)

2014 8 0.733 (0.194) 0.270 (0.063) 0.733 (0.194) 0.556 (0.206) 0.527 (0.200)

2015 8 0.784 (0.134) 0.301 (0.072) 0.784 (0.134) 0.594 (0.199) 0.568 (0.195)

2016 8 0.795 (0.195) 0.310 (0.074) 0.809 (0.215) 0.607 (0.203) 0.582 (0.200)

2017 8 0.876 (0.224) 0.371 (0.122) 1.097 (0.432) 0.664 (0.252) 0.649 (0.256)

Total 64 0.700 (0.233) 0.261 (0.088) 0.730 (0.293) 0.523 (0.213) 0.500 (0.210)

ANOVA—Test d.o.f. (7; 56) (7; 56) (7; 56) (7; 56) (7; 56)

F-value 2.282 6.961 3.786 1.776 1.994

p-value 0.041 ** 0.000 *** 0.002 *** 0.110 0.072 *

Welch—test d.o.f. (7; 56) (7; 56) (7; 56) (7; 56) (7; 56)

F-value 1.819 5.584 2.121 1.189 1.639

p-value 0.130 0.000 *** 0.081 * 0.218 0.173

*: significant at p = 0.1. **: significant at p = 0.05. ***: significant at p = 0.01. 1 Equality of variance not rejected
(Levene’s test). 2 Equality of variance rejected as α = 0.01 (Levene’s test). 3 Equality of variance rejected as α = 0.1
(Levene’s test).

We had already observed in the previous section that according to ISIF, the level of
financial inclusion steadily increased during 2010–2017. However, the year-to-year rate of
improvement was different. The four DEA-based scores lead to the same observation. The
ANOVA tests were significant for most measures and further confirmed that fact. Moreover,
most of the year-to-year improvement rates are of similar magnitude for all the measures.

We also looked at the performance at the country level. Table 12 presents descriptive
statistics of scores obtained from our five measures for each country. We have also per-
formed two ANOVA analyses to determine whether there were differences in the country
averages from 2010 to 2017. Note that d.o.f. stands for “degree of freedom”.

Table 12. All financial inclusion measures by economies.

Economies Sample Size Average (Standard Deviation)

AS ISIF AS–SE AS–CEB AS–CEA

BE 8 0.760 (0.129) 0.305 (0.124) 0.852 (0.366) 0.621 (0.112) 0.595 (0.123)

BF 8 0.609 (0.206) 0.250 (0.056) 0.609 (0.206) 0.450 (0.108) 0.431 (0.114)

CI 8 0.851 (0.134) 0.304 (0.068) 0.889 (0.204) 0.558 (0.097) 0.532 (0.104)

MA 8 0.730 (0.107) 0.253 (0.066) 0.730 (0.107) 0.559 (0.076) 0.526 (0.080)

NG 8 0.307 (0.140) 0.199 (0.045) 0.307 (0.140) 0.190 (0.059) 0.179 (0.058)

SEN 8 0.808 (0.207) 0.325 (0.101) 0.909 (0.163) 0.749 (0.123) 0.719 (0.130)

GB 8 0.582 (0.159) 0.172 (0.017) 0.545 (0.180) 0.310 (0.098) 0.279 (0.088)

TG 8 0.927 (0.065) 0.264 (0.078) 0.996 (0.199) 0.769 (0.114) 0.734 (1.30)

Total 64 0.700 (0.233) 0.261 (0.088) 0.730 (0.293) 0.523 (0.213) 0.500 (0.210)
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Table 12. Cont.

Economies Sample Size Average (Standard Deviation)

AS ISIF AS–SE AS–CEB AS–CEA

ANOVA—Test d.o.f. (7; 56) (7; 56) (7; 56) (7; 56) (7; 56)

F-value 17.988 *** 5.210 *** 9.727 *** 32.325 *** 28.292 ***

p-value 0.000 0.000 0.000 0.000 0.000

Welch—test d.o.f. (7; 56) (7; 56) (7; 56) (7; 56) (7; 56)

F-value 20.382 *** 11.062 *** 13.472 *** 39.930 *** 36.197 ***

p-value 0.000 0.000 0.000 0.000 0.000

*: significant at p = 0.1. **: significant at p = 0.05. ***: significant at p = 0.01.

We can observe that the ANOVA tests all significantly reject the hypothesis of equality
of the average score for each country. Hence, on average, the performance of the countries
has been different and heterogeneous. Let us recall that in an ANOVA test, the F-value
is calculated as the ratio of variation between sample means over variation within the
samples. The higher the F-value in an ANOVA is, the higher the variation between the
sample means is relative to the variation within the samples. Therefore, when our ANOVA
tests are significant, we can interpret high F-values as indicative of the discriminatory
power of the corresponding measure. Indeed, high F-values here mean that the differences
between the means for each economy are more significant.

From Table 12, based on the F-values, we can infer that the AS and AS–SE scores
discriminate among countries less than ISIF, which discriminates less than AS–CEB and
AS–CEA. This means that when using our measures to rank economies, we obtain stricter
orders with AS–CEB and AS–CEA than with ISIF, and the orders from ISIF are stricter than
the ones from AS and AS–SE.

We have then analyzed the evolution of each country’s performance from 2010 to
2017. Figure 2 (respectively Figures 3–5) provides a visual illustration of the evolution
of the financial inclusion level for each country according to the aggregate scores (AS)
(respectively the super-efficiency scores (AS–SE), the benevolent cross-efficiency scores
(AS–CEB), and the aggressive cross-efficiency scores (AS–CEA)).
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Figure 3. AS–SE from 2010 to 2017.
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Figure 5. AS–CEA from 2010 to 2017.

Let us recall that, according to the synthetic score ISIF, the situation at the level of each
of the countries was heterogeneous. All of them had seen a continuous improvement in
their performance between 2010 and 2015 but at different rates. This behavior is confirmed
for two (AS–CEB, AS–CEA) of our four DEA-based measures. According to AS and
AS–SE, the five top performers had a more unstable performance during those five years.
Nevertheless, it is worth noting that this may also be because these scores are self-evaluation
efficiency scores, which result in a lower discrimination power. Hence, we may affirm that
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the trends of the financial inclusion performance of the eight countries between 2010 and
2015 observed with ISIF are confirmed by the new DEA-based measures.

Again, according to ISIF, from 2015 to 2017, five of the countries (Benin, Burkina, Ivory
Coast, Mali, and Togo) have continued their steady improvement; Senegal has taken a
dip in 2016, which it has recovered since, while the Niger and Guinea-Bissau saw slight
deteriorations in both 2016 and 2017. All our four-DEA based measures exhibit the same
behavior for Benin, Burkina, Ivory Coast, and Togo (steady improvement); Senegal (dip in
2016, followed by recovery in 2017); and Niger (slight deteriorations in both 2016 and 2017).
Regarding Mali, AS and AS–SE shows a steady improvement, while AS–CEA and AS–CEB
hint at a dip in 2016, followed by a recovery the next year. Finally, Guinea-Bissau improved,
followed by a stable performance in 2017. In summary, we observe a consensus among
the five measures regarding the performance of six countries (Benin, Burkina, Ivory Coast,
Senegal, Togo, and Niger) and a slight disagreement for the two remaining countries.

We finally used the five performance measures to rank the eight countries. Two
rankings were performed. Table 13 summarizes the different rankings obtained according
to the average score of five measures for the period of study. Table 14 summarizes the
different rankings obtained according to the scores of the countries for the last year (2017)
of the period of study for the five measures.

Table 13. Rank—Country—Average measures.

Country Measure

ISIF AS AS-SE AS-CEB AS-CEA

BE 3 4 4 3 3

BF 4 7 7 6 6

CI 2 2 2 4 4

MA 6 5 5 5 5

NG 7 8 8 8 8

SEN 1 3 3 2 2

GB 8 6 6 7 7

TG 4 1 1 1 1

Table 14. Rank—Country—2017 measures.

Country Measure

ISIF AS AS-SE AS-CEB AS-CEA

BE 1 1 1 3 3

BF 5 5 5 6 6

CI 4 1 3 4 4

MA 6 6 6 5 5

NG 7 8 8 8 8

SEN 2 1 4 1 1

GB 8 7 7 7 7

TG 3 1 2 2 2

On average (Table 13), the five measures do not rank the countries in the same positions.
However, we can observe that the same four countries are consistently ranked in the first
four positions by all five measures. These countries are Benin, Ivory Coast, Senegal,
and Togo.
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We can make the same observations when we only consider the year 2017. Although
the actual positions are different, the same four countries identified previously occupy the
first four positions for the rankings in Table 14. In addition, they are the only countries
performing above the WAEMU average consistently for the study period. Furthermore,
they are all equally placed first by AS, which means that their corresponding DMUs are all
relatively efficient with respect to our sample of 64 DMUs.

5.3. Benchmarking Analysis

Using aggregate scores (ASs), which are also efficiency scores, we have subsequently
performed a benchmarking analysis. This type of analysis aims to identify, in our sample,
the decision-making units (DMUs) that are efficient and exhibit the best practices. The
secondary goal is to identify, for each country that is not efficient, its reference set, which
is a subset of the group of efficient DMUs that it must emulate in order to improve its
efficiency.

DMUs whose efficiency scores are equal to 1 (100%) are the efficient ones. Hence,
according to Table 4, the efficient DMUs in our sample were BE2017, CI2017, SEN2017,
TG2016, and TG2017. In other words, four countries in the Union exhibit the best practices
concerning financial inclusion: Benin, Senegal, Ivory Coast, and Togo. The first three
reached that status only in the last year of the study, 2017, while Togo reached it in 2016
and maintained it the following year. It is worth noting that these four efficient countries
were also identified in the previous subsection as being consistently ranked on average in
the top four positions and performing consistently above average for our five measures.

Of our 64 DMUs, five were efficient. Hence, 59 were inefficient. We have observed
how often our five efficient DMUs appear in the reference sets of these inefficient units. This
results in SEN2017 being a reference country for 50 out of 59 non-efficient DMUs, followed,
respectively, by TG2017 (32), TG2016 (15), BEN2017 (12), and CI2017 (6). In other words,
concerning their relative efficiency, Senegal plays the role of leader in the economic union.
Most non-efficient units must target it in part to improve their performance. Moreover,
when we look at the DMUs from the last year of the study (2017), all the non-efficient units
have Senegal in their reference set (Table 15). Indeed, the following four DMUs, namely
BF2017, MA2017, NG2017, and GB2017, compared to the 64 units of our sample, would
need to improve their performance. Our benchmarking analysis provides a reference set
they can use to achieve that objective. Table 15 summarizes that information.

Table 15. Benchmarking—Reference sets for non-efficient countries in 2017.

DMU Score Benchmark
(Coefficient) PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

BF2017 99.84%

CI2017 (0.6095)
BE2017 (0.0581)

SEN2017
(0.2172)

TG2017 (0.1137)

0.679 0.649 21.463 2.573 2.46 81.358 16.219 18.925 70.651 38.516

BF2017-target 1.212 0.649 37.305 6.110 3.402 187.560 17.140 18.928 70.655 38.518

MA2017 91.18%
BE2017 (0.3870)

SEN2017
(0.5248)

0.98 0.809 47.883 0.76 0.628 37.16 13.323 11.807 47.071 19.588

MA2017-target 0.98 1.1438 47.8846 4.6935 5.7629 237.8540 15.7912 29.0880 47.4854 26.4253

NG2017 37.41%
BE2017 (0.2521)

SEN2017
(0.1220)

0.364 0.137 21.991 0.278 0.105 16.791 3.897 10.623 6.548 3.343

NG2017-target 0.364 0.4021 21.9934 1.8201 2.2071 113.4606 6.3434 12.7406 16.7574 11.2996

GB2017 72.52% SEN2017
(0.7252) 0.905 0.185 0.785 2.298 0.471 1.993 10.4 1.135 7.98 4.571

GB2017-target 0.905 1.1313 30.3438 4.0814 5.1025 136.8249 13.0065 20.4760 46.7565 19.5079

Table 15 provides, for each non-efficient DMU, its scores (column 2), the countries that
form its reference set and the corresponding coefficient (column 3), and the current values
of the financial inclusion indicator (columns 4 to 13). Using that information, the DMU can
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determine the virtual target country it has to aim at to achieve efficiency. More precisely,
using the coefficient corresponding to the members of the reference set, policy-makers can
calculate the exact value of each financial inclusion indicator of the target virtual country it
has to emulate, which are the values that it must aim for (lines 3, 5, 7, 9, columns 4 to 13).

It is straightforward to see that the target values provide relevant and meaningful
insight into how one can make changes or adjustments to improve performance. Now,
it is true that some target values may come across as unrealistic, at least in the shorter
term. For example, to attain efficiency, Guinea-Bissau would have to increase its rate of
geographic penetration of electronic money services by more than 6000%; Niger would
have to increase its rate of geographic penetration of microfinance services by more than
2000%. Nevertheless, beyond their actual figures, the target values still provide meaningful
information regarding where to focus to improve performance.

5.4. Weight Analysis

We finally analyzed the optimal aggregation weights obtained from the CCR DEA
models solved to calculate the AS composite scores. These optimal weights are presented
in Table 16 below. Let us recall that aggregation weights represent the indicators’ relative
importance. Using that interpretation, optimal weights from DEA models indicate the
financial inclusion indicators that are the most important, or those who contribute the most
to the level of performance of the DMUs.

Table 16. DEA self-evaluation optimal weight by DMUs.

DMU PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

Ivory Coast

CI2010 0.8906 0.1094

CI2011 1

CI2012 1

CI2013 0.7722 0.2278

CI2014 0.6514 0.3486

CI2015 0.8607 0.1089 0.0304

CI2016 0.717 0.283

CI2017* 0.1423 0.0882 0.0606 0.1685 0.5404

Benin

BE2010 1

BE2011 0.3152 0.4351 0.2497

BE2012 0.3334 0.4355 0.2311

BE2013 0.315 0.4369 0.2482

BE2014 0.3056 0.4459 0.2485

BE2015 0.3087 0.4385 0.2528

BE2016 0.316 0.2146 0.4694

BE2017* 0.5193 0.4807
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Table 16. Cont.

DMU PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

Burkina Faso

BF2010 0.4063 0.4052 0.1885

BF2011 0.2341 0.7659

BF2012 0.1955 0.8045

BF2013 0.2228 0.7772

BF2014 0.2103 0.7897

BF2015 0.1837 0.8163

BF2016 1

BF2017 0.1157 0.1213 0.0447 0.7183

Mali

MA2010 1

MA2011 1

MA2012 1

MA2013 1

MA2014 1

MA2015 0.6203 0.3797

MA2016 0.5602 0.4398

MA2017 0.5578 0.4422

Niger

NG2010 0.6371 0.3629

NG2011 0.9726 0.0274

NG2012 0.9649 0.0351

NG2013 0.5005 0.4995

NG2014 1

NG2015 1

NG2016 0.4597 0.5403

NG2017 0.505 0.495

Senegal

SEN2010 1

SEN2011 1

SEN2012 0.745 0.255

SEN2013 0.4428 0.3976 0.1596

SEN2014 0.282 0.718

SEN2015 0.4745 0.2123 0.3132

SEN2016 0.0001 0.1926 0.1338 0.1606 0.5129

SEN2017* 0.6789 0.3211
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Table 16. Cont.

DMU PDB PDM PDME PGB PGM PGME UBA UMA UMEAO UMEAA

Guinea-Bissau

GB2010 1

GB2011 1

GB2012 1

GB2013 1

GB2014 1

GB2015 1

GB2016 1

GB2017 1

Togo

TG2010 0.2056 0.2681 0.5263

TG2011 0.2043 0.2786 0.5171

TG2012 0.4051 0.5949

TG2013 0.3983 0.6017

TG2014 0.3335 0.4173 0.2492

TG2015 0.3433 0.4045 0.2521

TG2016* 0.9524 0.0476

TG2017* 0.5472 0.1991 0.0579 0.1958

We can observe that several optimal weights are not significant for all the DMUs. There
are also instances where only one significant weight is assigned. For example, we have
optimal weights equal to 1 for all the DMUs related to Guinea-Bissau, CI2011, CI2012, or
MA2010. A non-significant optimal weight would mean that the corresponding indicator is
not essential to financial inclusion. In contrast, only one significant weight assigned would
indicate that the corresponding indicator is the only one out of ten important or relevant to
financial inclusion. Indeed, this does not hold in real life. These situations illustrate one of
the limitations of the DEA methodology. Therefore, additional investigation is required
where DEA with restrictions models (Greco et al. 2019; Angulo-Meza and Lins 2002) would
be used.

Nevertheless, we can still interpret a non-significant optimal weight as indicative
of potential areas of improvement. Countries must aim to increase the corresponding
indicators while not deteriorating the indicators with significant weights to improve their
overall performance.

Let us recall also that some of our indicators (geographic and demographic penetration)
measure accessibility to financial services, or, in other words, the supply side of those
services. In contrast, the others evaluate the utilization or the demand side.

In the earlier years of our period of study, financial inclusion was driven by the
traditional financial services (banking and/or microfinance), either by their supply side,
their demand, or a combination of both. Guinea-Bissau stayed in the same situation for
the whole period: financial inclusion driven by the supply side of banking services. Ivory
Coast also mainly relied on banking services until the country started to shift toward more
electronic/mobile money services, especially the demand side. In this country, microfinance
services do not appear to have ever been a driving force for financial inclusion. In Niger
and Mali, financial inclusion was driven mainly by the supply side of banks in the early
years, and banks and mobile money providers in recent years. In Benin, Burkina Faso,
Senegal, and Togo, banking services, especially on the demand side, and microfinance
services on both the supply and demand side have significantly driven financial inclusion.
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All the countries in the Union have experienced a substantial shift toward mobile or
electronic money service providers as drivers of financial inclusion in the later years of the
period of study: Niger starting in 2013 on the supply side, Ivory Coast in the same year
but more on the demand side, Mali in 2015 on the supply side, Benin in 2015 on the supply
side, Senegal and Togo on both the demand and the supply sides, and finally Burkina Faso
in 2017 on the supply side. These last remarks are consistent with the recent Global Findex
survey, which found that in 2021, sub-Saharan Africa exhibits the highest rate of adults
owning an account with a mobile money services provider.

6. Conclusions

In this study, we show through a case study on the economies of the West African
Economic and Monetary Union (WAEMU) that the data envelopment analysis (DEA)
methodology is an appropriate tool to build composite measures of the financial inclusion
state of a country. Using that methodology, we have calculated efficiency, super-efficiency,
and cross-efficiency measures that we have shown to correlate significantly with the PCA-
based measures typically present in the literature. Moreover, the super-efficiency and
cross-efficiency measures’ discrimination power among units is comparable to the PCA
ones, making them suitable for ranking purposes.

We have confirmed that during the period of study, 2010–2017, the WAEMU experi-
enced a steady increase in its level of inclusion. At the country level, the portrait of the
situation is more mixed, with countries that have improved their levels during the whole
period when others have experienced some bumps. We confirmed these observations on
all measures statistically.

In addition, we performed a benchmarking analysis using the efficiency scores and
their corresponding optimal weights and assessed the financial services that drive financial
inclusion in each country. Specifically, we determined the countries that exhibit the best
practices in financial inclusion in the sample. For the other countries, we identified the
reference country they must emulate to improve their performance. In addition, we
have described for each country which financial service sectors and which one of their
demand and supply sides are driving forces for financial inclusion. Interestingly, we could
observe that mobile or electronic money service providers were becoming a driving force
of financial inclusion toward the end of our period of study. This latter fact is consistent
with observations from the latest Global Findex survey in 2021.

Our study has some limitations which are essential to point out. First, from the
methodology point of view, our work can be improved by using a DEA with weight
restrictions models to ensure that more realistic optimal weights are obtained. In our
analysis, we used ANOVA to assess whether there were differences in the averages by year
and by economy. A better test to perform this work exists when one uses efficiency scores,
as in the Simar–Zelenyuk test (Simar and Zelenyuk 2006). Future work should use this
dedicated test to compare sample averages. Furthermore, we would need to incorporate
in our model indicators of the third dimension of financial inclusion in WAEMU, which
is quality. The DEA methodology should be validated further on additional samples,
particularly from the Global Findex databases. More research will be needed to confirm the
observations regarding the driving forces of financial inclusion in the WAEMU union.
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