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Abstract 

The achievement of universal health coverage has put Primary Health Care back at the center of policy 

orientations, particularly by identifying factors likely to improve the organization of peripheral facilities. 

However, this objective depends on the econometric methods used, especially for cross-sectional data and small 

sample sizes. 

This study aims to examine the sensitivity of the most usual estimation methods (Stochastic Frontier Analysis 

(SFA), Data Envelopment Analysis (DEA), DEA double bootstrap, Tobit, Truncated Standard Regression) for 

evaluating the scores and determinants of technical inefficiency of Primary Health Care Facilities (PHCF) in 

Côte d’Ivoire. Estimates show average technical efficiency scores of 94.13% for the DEA versus 89.61% for the 

SFA and 82.24% for the DEA double bootstrap. The results also indicate a proportion of determinants of 

technical inefficiency, in decreasing order of importance, with the DEA double bootstrap, the SFA, truncated 

regression and Tobit. This technical inefficiency can be improved in policies to promote basic health care by: 

increasing the proportion of nurses in the medical staff, the nurse/inhabitant ratio, the adult literacy rate by 

region, controlling the average capacity of the PHCFs, improving their geographical accessibility and reducing 

the rate of extreme poverty by health region. 

Keywords: DEA double bootstrap, inefficiency, truncated regression, Primary Health Care, Stochastic frontier 

analysis, Tobit  

JEL Classification: C13, C14, C31, C34, I12, I18. 

1. Introduction  

Debates on the issues of health costs, budget deficits, the medium and long-term sustainability of healthcare 

supply structures or organizations in charge of health insurance remain recurrent in developed countries and even 

more so in developing countries. According to the United Nations Development Program (UNDP, 2016), 

universal access to basic health services can be a very important lever for reducing extreme poverty and 

accelerating social inclusion, particularly in developing countries. For the World Health Organization (WHO 

report, Universal Health Coverage, 2018), the need to put primary health care (PHC) back at the center of efforts 

is a fundamental aspect of universal health coverage in order to achieve, among other things, sustainable 

development objectives related to health. One of the essential keys would be the enhancement of peripheral 

health structures and community systems in order to induce an improvement in resilience. Otherwise, failure to 

reverse the current trend would lead to the exclusion of approximately five billion people from access to health 

care in 2030 (WHO, 2019).  

Thus, these debates are part of the general question concerning the control and optimality of public health 

expenditure with a view to improving the well-being of populations (WHO, 2018; Ouertani et al., 2018; 

Katharakis et al., 2014; Sen, 1983; and Becker, 1962). But even more so, knowledge and prioritization of the 

levers through which the use of these resources could be improved remain fundamental and constitute a major 

challenge, especially in Sub-Saharan African countries (Ouertani et al., 2018; Lawanson & Novignon, 2017; 

Dukhan, 2010). 
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However, an overview of studies on this issue reveals that the vast majority of them have focused more on the 

determinants of inefficiency than on the method of estimating efficiency per se (Lawanson & Novignon, 2017; 

Dukhan, 2010; Ouellette & Petit, 2010). Yet, there are two problems with such an approach.  

On the one hand, the factors explaining the level of inefficiency in the second stage remain largely linked to the 

results of the level of efficiency obtained in the first stage (failure to correct interdependencies between 

variables). These discrepancies may be linked to the choice of variables and the data in the study, but also 

depend heavily on the inadequacies of the estimation method, whether parametric or non-parametric (Lawanson 

& Novignon, 2017; Katharakis et al., 2014; Simar & Wilson, 2007). Generally, in practice, Data Envelopment 

Analysis (DEA) methods, the main non-parametric approach adopted, are preferred to Stochastic Frontier 

Analysis (SFA) methods, the dominant parametric approach, in health sector performance studies (See Ouellette 

and Petit (2010) through a review of the studies carried out on the issue).  

On the other hand, the robustness of methods for estimating explanatory factors may be marred by the problem 

of inconsistent inference of confidence intervals (serial correlation between the error term and efficiency scores). 

Generally, in the case of two-stage DEA models, Tobit is chosen for technical post-efficiency estimation (Mujasi, 

2016). This approach remains limited according to some authors who use truncated regression (Anang et al., 

2020; Tiéhi, 2020; Pérez-Cárceles et al., 2018; Tchaumann, 2015) to account for the truncated and uncensored 

nature of the data. Thus, the DEA double bootstrap of Simar and Wilson (2007) is used to correct the 

shortcomings of previous approaches (Anang et al., 2020; Olivares et al., 2020; Diarrassouba, 2018; 

Pérez-Cárceles et al., 2018). This method, like the SFA, internalizes efficiency scores, which are regressed to 

determine explanatory factors. For both models, the results of the scores and explanatory factors are thus 

obtained simultaneously and not sequentially. But in addition, the DEA double bootstrap can externalize the 

scores, correcting biases linked to the possible correlation between the variables and the inconsistency of the 

confidence intervals.  

According to Varabyova and Schreyögg (2013), sensitivity analysis in inefficiency studies takes two forms: 

internal sensitivity and external sensitivity. In the present study, sensitivity is assessed in its external dimension. 

The validity of this sensitivity is tested either by the invariability of the results over time or by comparing the 

efficiency scores estimated by DEA and estimated by SFA using the same set of input and output variables. It 

then involves the comparison of the DEA and SFA scores with the same set of input and output variables and the 

comparison of the Tobit, standard truncated regression and DEA double bootstrap models. 

This study is based on Farell’s (1957) conception of technical efficiency, which is based on a production function 

reflecting the relationship between combinations of inputs in order to obtain outputs. In other words, a health 

entity is technically efficient when it produces as many health outputs as possible with a given level of health 

inputs, or if it produces a given level of health output with the minimum possible level of health inputs. 

In Côte d’Ivoire, PHC is the basis for the organization of the health care system (National Health Development 

Program, PNDS, 2016-2020). The provision of this care is provided by first contact health facilities, which make 

up the vast majority of the overall healthcare offer. They account for 93% of the total healthcare supply 

infrastructure according to the Ministry of Health and Public Hygiene (2019). The State’s policy to guarantee 

“access to healthcare for all” through universal health coverage is essentially based on these health facilities. To 

this end, the State has launched the construction and/or rehabilitation of approximately 200 facilities in this 

category between 2016 and 2020 (PNDS, 2016-2020). 

Despite an abundant literature on the issue, comparative evaluations of methods for estimating the factors of 

inefficiency in health care systems in Africa, particularly in Côte d’Ivoire, are recent. Therefore, this study aims 

to contribute to informing the political decision on the levers and obstacles to be analyzed in order to improve 

the efficiency of the use of resources allocated to primary health care institutions in Côte d’Ivoire by 

implementing the sensitivity of econometric methods.  

The objective of this study is to examine the sensitivity of the most usual estimation methods (SFA, DEA, DEA 

double bootstrap, Tobit, Standard Truncated Regression) for evaluating the scores and determinants of the 

technical efficiency of primary health care facilities (PHCFs) in Côte d’Ivoire. Specifically, the aim is to (i) test 

the sensitivity of the technical efficiency level of PHCFs to the SFA, DEA and double bootstrap DEA estimation 

methods; (ii) measure how sensitive the factors explaining the estimated inefficiency levels are to the main 

methods used in the literature. To do so, the following assumptions are made: (i) overall, PHCFs are technically 

inefficient with variable scores depending on the estimation method used and (ii) exogenous and endogenous 

variables significantly, positively and variably influence the inefficiency of PHCFs depending on the method 

used. 
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This study is organized into four points. Section 1 provides an overview of the literature review of the methods 

used. Section 2 discusses the methodology through a description of the data, the variables, and the specification 

of the estimation models used. Section 3 analyzes the SFA, DEA and DEA double bootstrap results of the 

efficiency scores and determinants of the technical inefficiency found. 

2. Strengths and Weaknesses of the Main Econometric Methods in the Literature  

The most popular methods are the SFA for parametric approaches and the DEA for non-parametric approaches to 

which Tobit, standard truncated regression and DEA double bootstrap for the second stage are generally 

associated. This section presents a summary of the advantages and disadvantages between the DEA and SFA 

methods on the one hand, and between the Tobit, standard truncated regression and DEA double bootstrap 

models on the other hand. 

2.1 DEA and SFA Comparison 

In general, for Jacobs et al. (2006) and Leleu and Derveaux (1997), estimates made with the DEA approach are 

considered sensitive to the specification of the production function (choice and number of variables), the sample 

size and the presence of outliers. As for the SFA method, it remains dependent on the definition of the 

appropriate functional form of the technology and on its poor adaptability to multi-output models that are 

nevertheless recurrent in health (Dukhan, 2010). The choice of a method is linked to the specificities of each 

method (Table 1) and to the objectives sought. 

 

Table 1. Overview of the differences between DEA and SFA 

 DEA SFA 

A
d

v
an

ta
g

es
 -No specification on the functional form of the adopted technology 

-Estimating efficiency in a multi-output as well as single-output 

settings 

- Two-stage regression for factors explaining inefficiency with the 

possibility of correcting colinearity problems 

-Distinction of the random error from the error related to 

efficiency variation of the studied entity. 

-Reduced inefficiencies may have statistical properties 

-Not very sensitive to outliers 

 
 
 
 

 
 

L
im

it
at

io
n

s 

-Sensitive to outliers: Large errors in measurement and/or 

variables can affect measures of inefficiency. 

-Reduced inefficiencies have no statistical properties. 

-Relative measure of efficiency by comparison of all other units to 

the reference taken as “best practice”: risk of over- or 

underestimation related to the characteristics of the reference. 

-Sensitive to sample size: risk of misspecification due to 

small sample size 

-Need to represent the technology by a particular parametric 

form 

- Moderately suitable for multi-outputs 

-Simultaneous regression (first stage) for the variables 

explaining inefficiency: risk of colinearity between outputs 

and inputs on the one hand and the environment variables 

the other hand integrated in the production function. 

Source: Adapted from Dukhan (2010), Jacobs et al. (2006) and Chaffai (1997). 

 

2.2 Comparison of Tobit, Truncated Regression and DEA Double Bootstrap 

The factors explaining technical inefficiency are obtained by regression of the scores obtained in the first stage 

and the environment variables. The most recurrent models in the literature are: Tobit, truncated regression and 

DEA double bootstrap for models associated with DEA (Tchaumann, 2015). The SFA method systematically 

gives the explanatory factors. 

 

Table 2. Overview of the differences between Tobit, truncated regression and DEA double bootstrap 

 Advantages Limitations 

 
 
 
 

 
 
 

 
 
 

 
 

T
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b
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Adapted to the regression of efficiency scores 

usually censored on the left side. 

-Not appropriate when variables have truncation 

characteristics: this characteristic is common in DEA estimates 

of efficiency scores.  

-Risk of estimation error: high probability of bias in the scores 

due to the method used to determine them with the DEA 

(measure relative to “best practice”). 

-Colinearity between variables of the first stage (inputs and 

outputs) and those of the second stage  

-Inconsistency of confidence intervals related to the likely 

correlation between the error term and efficiency scores. 
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Solves the problem of truncated variables. 

-Risk of estimation error: high probability of bias in the scores 

due to the method used to determine them with the DEA. 

-Colinearity between variables of the first stage and those of 

the second stage.  

-Inconsistency of confidence intervals related to the likely 

correlation between the error term and efficiency scores. 

D
E

A
 

d
o
u
b

le
 

b
o
o

ts
tr

ap
 -Solves the problem of truncated variables. 

-Corrects bias in efficiency scores. 

-Corrects colinearity between variables and 

inconsistency of confidence intervals. 

-May lead to erroneous results when variables are censored 

and not truncated. 

-Remains sensitive to outliers. 

-Remains dependent on the choice and number of variables. 

Source: Adapted from Tchaumann (2015) and Simar and Wilson (2007). 

 

The choice of each of these models should take into account the possible advantages and limitations inherent to 

each one (Table 2), as well as the objectives sought. 

3. Methodology 

This section describes the data and variables and presents the specification of the study models. 

3.1 Data Source 

The data for this study come from three sources: the National Population Survey (2014), the Annual Health 

Situation Report (RASS, 2013) and the “Support to the primary health map” project in 2013. These are 

cross-sectional data. 

The National Population Survey (2014) is conducted by the National Institute of Statistics (INS) in collaboration 

with the Ministry of Planning and Development. Its objective is to gain knowledge of the demographic, 

socio-economic and cultural characteristics of the population in order to take better account of population issues 

in the development, monitoring and evaluation of economic, social and cultural development policies, plans, 

programs and projects.  

The RASS (2013) is carried out by the Ministry of Health and the Fight against AIDS (MSLS). Based on 

information from the National Health Information System (SNIS), the RASS collects data (financial, human and 

material resources and epidemiologic profile) produced by institutions at different levels of the health pyramid. 

The project “Support to the primary health map” was carried out by the National Office of Technical and 

Development Studies (BNETD, 2013). It involves the inventory and mapping of the primary health 

infrastructures concerning the organization, the geographical location of the health infrastructures and the 

beneficiary population of these structures.  It is a tool for regulating the healthcare service offer.  

This study focuses on the care provided by the PHCFs, with the health regions as the DMU (Decision Making 

Unit). The PHCFs in each health region are aggregated and considered as a single decision making unit (DMU). 

The analysis of the results will therefore be done by health region.  

3.2 Description of Variables 

The sixteen variables consist of inputs (factors of health care delivery), outputs (health outcomes), and variables 

likely to influence the functioning of health facilities (constraints or levers). 

3.2.1 Inputs 

The inputs relate to the labor factor and the capital factor. In general, the labor factor is made up of medical staff 

in health studies (Lawanson & Novignon, 2017). In this case it is composed of the number of: doctors (Med), 

nurses (Inf) and midwives (Sag_fem). For the capital factor, with respect to the available data, the number of 

observation beds is used as the proxy (Lawanson & Novignon, 2017; Kiriga et al., 2013). 

3.2.2 Outputs 

In relation to the level of analysis in this study, i.e., PHCFs, the outputs are essentially referenced to maternal 

and child health indicators associated with medical consultations (Diarrasouba, 2018; Kiriga et al., 2013). This 

study selects five (5) output variables: (i) Medical consultations (Nb_consult); (ii) the Number of Births 

Attended by Skilled Personnel (Acc_Assist), considered as a proxy for health inequality, which makes it possible 

to assess health coverage (Kochou et al., 2014); (iii) the four (4) Prenatal Consultations (CPN4), considered by 

the WHO to be one of the best maternal health indicators (Kiriga et al., 2013); (iv) The Number of Children who 

received Vitamin A (Vit_A): Vitamin A is the key component of the package to combat weight insufficiency of 
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children in Côte d’Ivoire as part of the fight against child malnutrition; (v) The number of children who received 

the BCG vaccine (Vac_BCG): Vaccination coverage remains one of the main child health indicators for WHO 

and UNICEF. In order to prevent the risk of tuberculosis infection, children are vaccinated with this vaccine as 

part of the package of vaccines designed for them. Among other things, it remains important in the prevention of 

HIV/TB co-infection. 

3.2.3 Environment Variables 

The factors explaining technical inefficiency in health studies are, in general, of two kinds: institutional (or 

governmental) and socioeconomic ((Lawanson and Novignon, 2017; Mujasi, 2016). This study identifies seven 

(7) explanatory variables: (i) geographic accessibility (Acc_Geo): the average distance, between 3 miles and 9 

miles, separating the population from the nearest PHCF; (ii) the number of PHCFs per region (Nb_ESPC); these 

two variables reflect the geographic influence on the level of performance of the PHCFs (Téhi, 2018: Combier et 

al, 2013); (iii) the Ratio (Hbt/Inf ) Nurse per inhabitant considered as a performance indicator reflecting the 

health development of countries (WHO and UNDP); (iv) the Proportion of Nurses (% Nurse/persmed): reflects 

the density and specialization of the institution’s primary care activity. It can be considered as a regulatory 

variable for the functioning of the PHCF; (v) Average size or capacity of the PHCF by region (Taille_moy): 

calculated as the ratio between the number of observation beds of the PHCF and the number of PHCF in the 

region. It can influence the level of efficiency of the institution through an increase in the activity rate per staff 

member but especially through an improvement in the conditions for receiving patients; (vi) the rate of extreme 

poverty per region (Taux_Extrempauvr), which reflects the situation of the national economy in terms of living 

standards and regional disparities (inequalities in development). This variable, relative to various studies, reveals 

that a high level of poverty is a source of inefficiency in the health system in the sense that a significant and 

positive correlation is established between the increase in gross national income per capita or GDP per capita and 

the efficiency of the health system (Combier et al, 2013; Afonso & St. Aubyn, 2011); (vii) the adult literacy rate 

by region (Taux_Alphabet); according to various studies (Ouertani et al., 2018; Alvarez and Hernandez, 2009), it 

is significantly and positively correlated with the efficiency of maternal health care provision in sub-Saharan 

Africa 

3.3 Models specification 

The estimations in this study are based on the models: SFA, DEA, Tobit, truncated regression and DEA Double 

bootstrap. 

3.3.1 SFA versus DEA  

SFA Model 

The Stochastic Frontier Analysis (SFA) method was developed by Aigner, Lovell and Schmidt (1977), Battese 

and Corra (1977) and by Meeusen and Van den Broeck (1977). With reference to the framework of Lawanson 

and Novignon (2017) and Katharakis et al (2014), in this study, SFA estimations are carried out in multi-outputs 

through a Cobb-Douglas type functional form production function as a technology. Thus, the basic econometric 

model of this study can be written as follows: 

𝑌𝑖 = 𝛽𝑋𝑖 + (𝑉𝑖 − 𝑈𝑖),  𝑖 = 1, . . .19                             (1) 

With 

𝑌𝑖: A k x 1 vector, represents the logarithm of the production or output quantities of the PHCFs of the i-th health 

region; 

𝑋𝑖: A k x 1 vector, represents the logarithm of the input quantities used by the PHCFs of the i-th health region; 

𝛽: The parameter vector of the technology to be estimated; 

𝑣𝑗: Random errors that represent random variables (measurement error, random factors); they are assumed 

to be normally, independently and identically distributed; 

𝑢𝑗: Errors in non-negative random variables that are assumed to represent technical inefficiency in production 

and assumed to be normally, independently and identically distributed and truncated. 

This equation can be rewritten as follows: 

𝐿𝑛(𝑂𝑢𝑡𝑝𝑢𝑡𝑖) = 𝛽0 + 𝛽1𝐿𝑛(𝑀𝑒𝑑𝑖) + 𝛽2𝐿𝑛(𝐼𝑛𝑓𝑖) + 𝛽3𝐿𝑛(𝑆𝑎𝑔𝐹𝑒𝑚𝑖) + 𝛽4𝐿𝑛(𝐿𝑖𝑡𝑠𝑖) + (𝑉𝑖 − 𝑈𝑖), 𝑖 = 1, . . .19    (2) 

𝑊𝑖𝑡  𝑂𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑏_𝑐𝑜𝑛𝑠𝑢𝑙𝑡, 𝐴𝑐𝑐_𝐴𝑠𝑠𝑖𝑠𝑡, 𝐶𝑃𝑁4, 𝑉𝑖𝑡_𝐴, 𝑉𝑎𝑐_𝐵𝐶𝐺) 𝑜𝑓 𝑡𝑒 𝑖 𝑒𝑎𝑙𝑡 𝑟𝑒𝑔𝑖𝑜𝑛  

In the SFA model, in the second stage, a regression of the environment variables that influence the technical 
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inefficiency of the PHCFs in each health region, represented by the error term 𝑈𝑖, is used to obtain the 

explanatory factors. These variables are evaluated, with reference to the framework of Katharakis et al. (2014) as 

follows: 

𝑈𝑖 = 𝜃𝑖𝑍𝑖 + 𝑊𝑖                                     (3) 

With 

𝑍𝑖: represents the environment variables that may influence the operation of the PHCFs in the i-th health region; 

θi: the parameter vector to be estimated to obtain the coefficients of the explanatory variables; 

𝑊𝑖: the usual error term 

The model can be rewritten as follows: 

𝑈𝑖 = 𝜃0 + 𝜃1Nb_ESPC𝑖 + 𝜃2Taille_moy𝑖 + 𝜃3Hbt/Inf𝑖 + 𝜃4 Inf/persmed𝑖 +  

𝜃5Acc_Geo𝑖 + 𝜃6Taux_Alphabet𝑖 + 𝜃7Taux_Extrempauvr𝑖 + 𝑊𝑖                  (4) 

DEA Model 

Compared to the SFA model, the DEA model estimates the efficiency scores and externalizes them in order to 

estimate the factors explaining inefficiency through a Tobit or other chosen model except for the case of the DEA 

double bootstrap. The basic theoretical model for the estimation of technical efficiency scores by DEA is used in 

this input-oriented study (Diarrassouba, 2018 and Mujasi, 2016), under the assumption of variable returns to 

scale. The equation consists in, given an input level and an output level, solving K linear programs from each 

health region as follows: 

 

   

                                        

                            (5) 

 

   

                                        

With x the inputs vector, y  the outputs vector for each health region 191,...i, i  and 𝜆𝑖 an optimization 

parameter.  

3.3.2 Tobit, Truncated Regression and DEA Double Bootstrap Models 

In a DEA model, the explanatory factors of technical inefficiency are obtained through either a Tobit, a truncated 

regression or a DEA double bootstrap model. 

Tobit versus truncated regression 

The mathematical formalization of the Tobit model and the standard truncated model are similar. The difference 

between the two models is based solely on the nature of the variables, depending on whether they are censored 

or truncated (Tchaumann, 2015). 

The equation is as follows: 

                                  (6) 

With 

: The technical efficiency score of each health region’s PHCF obtained with the DEA; 

: The vector of factors likely to affect the technical efficiency of the health region; 

;  the parameter vector and is the identically and independently distributed error term. 

The model is deduced: 

�̑�𝑖 = 𝛽0 + 𝛽1Nb_ESPC𝑖 + 𝛽2Taille_moy𝑖 + 𝛽3Hbt/Inf𝑖 + 𝛽4 Inf/persmed𝑖 +   

𝛽5Acc_Geo𝑖 + 𝛽6Taux_Alphabet𝑖 + 𝛽7Taux_Extrempauvr𝑖 + 𝜀𝑖                 (7) 

DEA Double bootstrap or Algorithm # 2 by Simar and Wilson (2007) 
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Unlike Tobit and truncated regression, DEA double bootstrap does not require the outsourcing of DEA efficiency 

scores. It consists of a double re-sampling of the original data with looping following the DEA estimation with a 

double objective: to obtain robust technical efficiency scores and reliable determinants of these scores (Simar 

and Wilson, 2007). Formally, its resolution focuses on the following main stages: 

i. Based on the initial sample, we estimate technical efficiency scores under input-oriented DEAs: �̂�𝑖(𝑖 = 1. . . 𝑛) 

ii. The estimators ̂  are obtained from a truncated regression 0 ≺ �̂�𝑖 − 𝛽𝑧𝑖 + 𝜀𝑖 ≤ 1 , using nm   

observations with �̂�𝑖 ≺ 1, �̂�𝑖 is the technical efficiency score of the i health region’s PHCFs estimated under 

DEA, 𝜀𝑖 is normally distributed with a left truncation at −𝑧𝑖�̂� and a right truncation at 1 − 𝑧𝑖�̂�, 𝑧𝑖 is the 

vector of environment variables that affect the efficiency of the health region, and β is the vector of the 

parameters to be estimated. 

iii. In successive iterations (in four stages) 𝐿1 = 500 times, a sample of bootstrap estimators is obtained, 

𝐵𝑖 = {�̂�𝑖𝑏
∗ }

𝑏=1

𝐿1
;  𝑖 = 1, . . . 𝑛. This is done as follows: 

a. For each ni ...1 , 𝜀𝑖 is extracted from the law 𝛮(0; �̂�2) left-truncated at −𝑧𝑖�̂� and right-truncated at 

1 − 𝑧𝑖�̂� 

b. Then the following estimator is calculated 𝜃𝑖
∗ such as 𝜃𝑖

∗ = 𝑧𝑖�̂� + 𝜀𝑖;  𝑖 = 1, . . . 𝑛. 

c. Then a pseudo sample is built (𝑥𝑖
∗;  𝑦𝑖

∗), with 𝑥𝑖
∗ = 𝑥𝑖 and 𝑦𝑖

∗ = 𝑦𝑖�̂�𝑖/𝜃𝑖
∗ 

d. The new DEA estimator or bootstrap estimator �̂�𝑖
∗;  𝑖 = 1, … 𝑛 is calculated from the pseudo sample created 

(𝑥𝑖
∗;  𝑦𝑖

∗); in other words, the variables X and Y are respectively replaced by 𝑌∗ = *𝑦𝑖
∗ 𝑖 = 1. . . . . . . . . . . . . 𝑛+ and 

𝑋∗ = *𝑥𝑖
∗ 𝑖 = 1. . . . . . . . . . . . . 𝑛+ in the initial program. 

iv. For each health region 𝑖 = 1, … 𝑛  the unbiased estimator �̂̂�𝑖(𝑖 = 1. . . 𝑛)  is calculated using bootstrap 

estimators obtained from 𝐵𝑖 and the initial estimators �̂�𝑖. 

v. We estimate a truncated regression of �̂̂�𝑖(𝑖 = 1. . . 𝑛) on  niz
i

...1  to obtain the estimators 
ˆ̂

. 

vi. By successive iterations (in three stages) 𝐿2 = 2500 times, a sample of bootstrap estimators is obtained,  

𝛥 = {�̂̂�𝑖𝑏
∗ }

𝑏=1

𝐿2
;  𝑖 = 1, . . . 𝑛. This is done as follows: 

a. For each ni ...1 ,
i
  is extracted from the 𝛮(0; �̂̂�2)  law, left-truncated at −𝑧𝑖 �̂̂� and right-truncated at 

1 − 𝑧𝑖 �̂̂� 

b. Then the following estimator is calculated 𝜃𝑖
∗∗

 
such as 𝜃𝑖

∗∗ = 𝑧𝑖 �̂̂� + 𝜀𝑖; 𝑖 = 1, . . . 𝑛. 

c. We estimate a truncated regression, by maximum likelihood, of 𝜃𝑖
∗∗over 𝑧𝑖 

to obtain the estimators 

ˆ̂

. 

vii. Finally, we use the bootstrap estimators of   and the initial estimators 
ˆ̂

 to build the confidence intervals 

of each element β. The confidence interval for any 𝛽𝑗 is constructed by finding the values 
2

a  and 
2

b so that:   

𝑃𝑟𝑜𝑏(−𝑏∗𝛼
2⁄ ≤ �̂̂�∗

𝑗
− �̂̂�𝑗 ≤ −𝑎∗𝛼

2⁄ ) ≈ 1 − 𝛼 

This gives an estimated confidence interval of: 










22

ˆ̂
,

ˆ̂ *
  ba

jj
 

It should be noted that the bias in the double bootstrap model of Simar and Wilson (2007) is non-positive and is 

obtained as follows:  

�̂̂�𝑖 = �̂�𝑖 − 𝑏𝑖𝑎𝑠(�̂�𝑖) with 𝐵𝑖𝑎𝑠(�̂�𝑖) = (
1

𝐿1
∑ �̂�𝑖𝑏∗𝐿1

𝑏=1 )  −  �̂�𝑖 
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4. Results and Discussion 

This section analyzes the results of the sensitivity of the scores and the factors of technical inefficiency in the 

provision of basic health care in Côte d’Ivoire to the econometric methods used. This analysis is preceded by 

descriptive statistics that provide an overview of the characteristics of the study variable. 

4.1 Descriptive Statistics 

The variables in this study (Table 3) have a number of salient features that provide a better understanding of the 

conceptual framework.  

 

Table 3. Descriptive statistics of the variables 

Variables Mean Std.Dev. Median Min Max 

In
p
u

ts
 

Med 32.316 64.744 17 1 295 

Inf 110.84 61.04 103 33 313 

Sag_Fem 61.737 61.828 48 16 301 

Lits 346.42 133.91 331 117 593 

O
u

tp
u
ts

 

Nb_consult 3.0e+05 2.8e+05 2.4e+05 78772 1.4e+06 

Acc_Assist 21583 21543 15964 6867 1.1e+05 

CPN4 14648 20090 11195 2717 95410 

Vit_A 9785.1 12218 6719 884 56598 

Vac_BCG 40628 33971 32335 13607 1.7e+05 

E
n
v

ir
o

n
m

en
ta

l 

v
ar

ia
b
le

s 

Nb_ESPC 102.37 38.504 91 44 185 

Taille_moy 3.413 0,64056 3.3333 1.5395 4.24 

Hbt/Inf_ 10946 2768 10884 7165.9 16853 

% Inf/persmed 59.474 7.7915 60 34 72 

Acc_Geo 25.658 9.1501 26 8.5 48 

Taux_Alphabet 36.321 11.519 38 19 59.6 

Taux_Extrempauvr 8.5579 3.0518 8.5 3 .4 14.9 

Source. Author. 

 

From Table 1, with regard to inputs, we note a predominance of paramedical staff (nurses and midwives) over 

medical staff; an average of 111 nurses and 62 midwives against an average of 33 doctors. This finding confirms 

the nature of the DMU in this study (the PHCFs) and is confirmed by the proportion of nurses in the medical 

staff (60% on average). 

Thus, the analysis reveals instability in the distribution of inputs and outputs as opposed to that of variables in a 

relatively stable environment. In other words, the spread of distributions is relatively large between the mean and 

the median with inputs and outputs compared to the environment variables (Diarrassouba, 2018). 

In addition, it is observed that on average 8.6% of the population in the study sample is extremely poor 

compared to a national average rate of 10% (National Population Survey, 2014). In the opposite direction, these 

statistics indicate an average adult literacy rate of 36.3% against a national average of 44%. The analysis also 

indicates that, on average, 25.7% of the population is located between 3 miles and 9 miles from a health center. 

4.2 Technical Efficiency Scores: SFA, DEA and DEA Double Bootstrap Sensitivity 

The results of the technical efficiency scores for the three models are presented and discussed in a general 

framework and by health region (Table 4).  

 

Table 4. Characteristics of SFA, initial DEA and bias-corrected DEA scores 

 

 

 SFA 

 ( ) 

 

DEA_VRS 

( ) 

 

DEA  

(double bootstrap) 

Variation 

DEA_VRS 

- SFA 

Variation DEA_VRS 

-  

DEA double bootstrap 

Variation DEA 

double bootstrap 

- SFA 

Mean 0.8961 0.9413 0.8224 - 4.52% - 11.89% 7,37% 

Std. Dev. 0.1155 0.0957 0.1194 - - - 

Median 0.9353 1.000 0.8526 - 6.47% - 14.74% 8.27% 

Min 0.692 0.734 0.646 - 4.2% - 8.8% 4.6% 

Max 0.999 1.000 0.994 - - - 

Source: Author. 

̂ ̂


ˆ̂
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From Table 4, the overall analysis indicates that, on average, the PHCFs in the different health regions are 

technically inefficient, but with variability in the values of the estimates depending on the method used. In other 

words, it is possible to improve on average the use of resources allocated to PHCFs in Côte d’Ivoire and achieve 

the same health outcomes within the framework of public policies promoting primary health care. 

Indeed, estimates reveal an average technical efficiency score of the health regions’ PHCFs of 94.13% for the 

DEA versus 89.61% for the SFA and 82.24% for the double bootstrap DEA. These results confirm the fact that 

DEA scores are indeed subject to bias as shown by various studies comparing DEA results to DEA double 

bootstrap results (Anang et al., 2020; Olivares et al., 2020; Tiéhi, 2020; Diarrassouba, 2018; Ouertani et al, 2018; 

Pérez-Cárceles et al., 2018)) or those comparing the DEA to the SFA (Lawanson & Novignon, 2017; Katharakis 

et al., 2014) and those comparing the DEA double bootstrap to the SFA (Lawanson & Novignon, 2017; 

Katharakis et al., 2014).  

 

Table 5. SFA, DEA, and DEA double bootstrap technical efficiency scores for PHCFs by health region 

 SFA 

 

DEA 

 

DEA 

double bootstrap 

Scores  Rank Scores  Scores  (bias-corrected) Rank 

Abidjan_ 0.8939 12 1.000 0.8673 9 

Agneby-tiassa-me 0.7257 17 0.7851 0.8497 10 

Belier 0.9353 10 0.9291 0.7075 14 

Bounkani-gontougo 0.7569 16 0.9353 0.9299 5 

Cavally-guemon 0.9982 7 1.000 0.6714 18 

Gbeke 0.9983 6 0.8357 0.6862 15 

Gbokle-nawa-san-pedro 0.6998 18 1.000 0.6780 17 

Gôh 0.7993 15 0.8027 0.7944 11 

Hambol 0.9991 2 1.000 0.9094 6 

Haut_sassandra 0.8328 13 1.000 0.9537 4 

Indenie_duablin 0.9981 8 1.000 0.7576 13 

Kabadougou-bafing-folon 0.999 3 1.000 0.9941 1 

Loh-djiboua 0.8980 11 1.000 0.6467 19 

Marahoue 0.8242 14 1.000 0.6850 16 

N’zi-ifou 0.9790 9 0.7337 0.7901 12 

Poro-tchologo-bagoue 0.9989 4 1.000 0.9737 3 

Sud-comoe 0.6915 19 1.000 0.8677 8 

Tonkpi 0.9987 5 1.000 0.8785 7 

Worodougou-bere 0.9993 1 1.000 0.9885 2 

Source. Author. 

 

The sensitivity of the DEA score relative to the other two models (-4.52% and -11.89%) illustrates this trend. The 

mean DEA score is 4.52% higher than the mean SFA score and 11.89% higher than the mean bias-corrected 

score. This bias correction, through the DEA double boostrap, shows on the contrary a positive variation (7.37%) 

between the mean bias-corrected score and the mean SFA score in accordance with the vast majority of studies 

on the subject (Lawanson & Novignon, 2017; Katharakis et al., 2014). In other words, the mean technical SFA 

score (89.61%) is higher than the bias-corrected DEA score (82.24%) as in most of the studies comparing them. 

Specifically, the mean SFA score in this study is 7.37% higher than the mean bias-corrected score (82.24%). 

This variability in the technical ineffectiveness of PHCFs is even more noticeable between health regions. Table 

5 shows the regional inequalities in this sensitivity of the average observed technical inefficiency of the PHCFs 

by the three methods. A large majority of the health regions, 79%, followed this trend with relative stability in 

the ranking (the rank). As an illustration, the Worodougou-bere, Hambol and Gbokle-nawa regions move from 

98.85%, 90.94% and 67.80% respectively for the bias-corrected scores to 99.93%, 99.91% and 69.98% with 

respective ranks from 2nd, 6th and 17th to 1st, 2nd and 18th for the SFA scores. However, this trend between 

SFA and DEA double bootstrap shows an opposite trend for the other 21% of health regions with very high 

sensitivity at the rank level. Thus, the DEA double bootstrap scores of these regions are higher than the SFA 

scores. The Agneby-tiassa-mé, Bounkani-gontougo, Haut_sassandra, and Sud-Comoé regions, respectively, 

increased from 84.97%, 92.99%, 95.37%, and 86.77% for bias-corrected scores to 72.57%, 75.69%, 83.28%, and 

̂ ̂ 
ˆ̂
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69.15% for SFA scores, with ranks changing from 10th, 5th, 4th, and 8th to 17th, 16th, 13th, and 19th. In 

addition, 42% of the regions, or eight out of 19, had scores very nearly equal to 1, anything that would prejudge 

the difficulties in correcting for possible biases related to the likely correlations between variables in the SFA 

combined with the difficulty in determining an adequate functional form of the production function and 

sensitivity to sample size (Lawanson & Novignon, 2017; Katharakis et al., 2014).   

4.3 Determinants of Technical Inefficiency: SFA Sensitivity and DEA Post-Estimation Models  

The factors that explain the technical ineffectiveness of the PHCFs in the health regions are presented and 

discussed (Table 6) in relation to the overall significance of each method and the variability of these factors by 

method.  

 

Table 6. Factors explaining the technical inefficiency of PHCFs 

 SFA Tobit Truncated standard regression DEA double bootstrap 

Variables Coef. S. E Coef. S. E Coef. S. E Coef.                 SE 

Nb_ESPC 

Taille_moy 

Hbt/Inf_ 

% Inf/persmed 

Acc_Geo 

Taux_Alphabet 

Taux_Extrempa 

0,1375 

0,9766 *** 

-0,0006 

-0,5256 ** 

0,0078*** 

0,0409 

0,6645*** 

0,9709 

0,1599 

0,0004 

0,1695 

0,0019 

0,0772 

0,0903 

-0,0015 

0,1454 * 

0,0001** 

0,0054 

-0,0087 

-0,0087 

-0,0055 

0,0013 

0,0741 

8.94e-06 

0,0147 

0,0097 

0,00513 

0,0124 

0,001 

-0,0126 

0,0001 

-0,0092 * 

0,0122 ** 

-0,0039* 

-0,0019 

0,0010 

0,0364 

0,0001 

0,0048 

0,004 

0,0023 

0,0102 

-0,0004 

0,0751** 

-0,0001*** 

-0,0187*** 

0,01376*** 

-0,0139 *** 

0,0242** 

0,00036 

0,0263 

4.2e-06 

0,0020 

0,0038 

0,001 

0,0104 

Prob > chi2 0.0000 0.0001 0.0125 0.0000 

Source. Author. 

For SFA: 𝜎2 = 0,0177 and γ = 0,703  

         ***= 1% significance, **= 5% significance, *= 10% significance; S. E = Standard deviation;  

         Coef. = coefficient; Prob = probability. 

 

It should be remembered that a positive sign of the coefficient of an explanatory variable indicates an obstacle (a 

positive effect on inefficiency but a negative effect on technical efficiency) while a negative sign implies an 

impact, a positive marginal effect on the technical efficiency of the health regions. 

Overall, Table 6 indicates that all four models are significant and that there are significant explanatory factors for 

inefficiencies, the proportion and estimated value of which differ among the models but can be grouped into two 

categories: levers and brakes on the technical efficiency of PHCFs in health regions. 

The analysis in Figure 1 shows, out of seven (07) factors that could explain the estimated technical inefficiency, 

the variability in number and value of the results obtained according to the method used. 

 

Figure 1. Comparison of the sensitivity of Tobit, Truncated Standard Regression, DEA Double Bootstrapand SFA 

models 

Source. Author. 

 

Figure 1 shows that the Tobit model in this study is the model with the lowest number of significant variables, 

accounting for 28.57 per cent of the total number of variables in the model. The truncated regression has the 

second lowest proportion (42.85%), followed by the ASF with 57.14%. The DEA double bootstrap presents the 
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best proportion with 85.71% of the total number of variables that could explain the technical inefficiency of the 

PHCFs in the health regions in Côte d’Ivoire. 

The robustness, or even the capacity of the double bootstrap DEA to provide better results than Tobit or 

Truncated Regression, is recognized in the vast majority of health studies comparing these different models in 

the search for explanatory factors of inefficiency (Diarrassouba, 2018; Pérez-Cárceles et al., 2018; Tchaumann, 

2015). 

In the framework of the SFA model, in addition to the significance of the global model (Prob > chi2 = 0.0000), 

the interpretation of the value of γ is important and makes it possible to see if the production frontier is 

deterministic and technical inefficiency is not linked to any of the environment variables (γ =1) or if the 

production frontier is stochastic and technical inefficiency can be explained by the exogenous variables 

(environment variables) in the model (γ <1) 

  𝛾 =
𝜎2𝑢

𝜎2 =
𝜎2𝑢

𝜎2𝑢+ 𝜎2𝑣
                                    (8) 

Results show σu=0.1114653 and σv=0.072487.         

In this study, γ=0, “703”. This result shows that the production frontier is therefore stochastic and that there are 

exogenous variables that account for 70.3% of the technical inefficiency of health regions in Côte d’Ivoire. 

However, about 30% (29.7%) of the technical inefficiency of the PHCFs in the health regions is related to 

random variables (statistical noise). In other words, almost one-third of the inefficiency can be attributed to 

measurement errors or other random variables. Anything that suggested inadequacies in using the SFA in health 

cross-sectional and small sample size data as in the present study. 

This explanation is illustrated by the larger proportion of variables that could explain the technical inefficiency 

estimated in the DEA double bootstrap with respect to the SFA. This trend is also confirmed in the majority of 

studies comparing the two methods (Lawanson & Novignon, 2017; Katharakis et al., 2014).  

Regarding the influence of explanatory factors on technical inefficiency, the results show that three variables (the 

proportion of nurses in the medical staff, the ratio of inhabitants per nurse, and the adult literacy rate by region) 

are likely to increase the technical efficiency of the PHCF in health regions in Côte d’Ivoire with the DEA 

double bootstrap versus one variable in the SFA. On the other hand, both models (SFA and DEA double 

bootstrap) each have three variables that significantly and negatively affect the technical efficiency of the PHCFs 

in the health regions in Côte d’Ivoire (the average capacity of the PHCFs in terms of the number of observation 

beds, the geographic accessibility in terms of the average distance separating the populations from the nearest 

PHCF by region, and the rate of extreme poverty by region). 

These trends in the explanatory factors in this study are consistent with most studies in this area. Indeed, the 

proportion of nurses in the medical staff, the ratio of inhabitants per nurse, and the adult literacy rate by region 

generally appear as levers of the technical efficiency of healthcare institutions (Tiéhi, 2020; Diarrasouba, 2018; 

Ouertani et al., 2018; Alvarez & Hernandez, 2009). 

Also, the size of the PHCFs (approximated by average capacity), geographic accessibility and the rate of extreme 

poverty by region appear in the vast majority of studies to hinder the technical efficiency of health facilities. 

Reducing their influence is presented as a source of reducing technical inefficiency (Tehi, 2020; Ouertani et al., 

2018; Combier et al., 2013 and Afonso & St. Aubyn, 2011). 

5. Conclusions 

The aim of this study was to examine to what extent the estimation of the factors explaining the technical 

inefficiency of basic health care provision in Côte d’Ivoire is consistent with the econometric methods used in 

the literature. 

Using cross-sectional data, this study compared the sensitivity of the technical efficiency scores of the PHCFs in 

the health regions with respect to the DEA, SFA, and DEA double bootstrap methods. This sensitivity of the 

scores induced a corollary variability in the proportion and significance value of the coefficients of the 

determinants of technical inefficiency estimated through the Tobit, standard truncated regression, SFA, and DEA 

double bootstrap methods. 

This study raised the difficulties of the SFA in producing optimal health outcomes with small cross-sectional and 

sample size data compared to the DEA double bootstrap, which corrected for the shortcomings of the 

conventional DEA. This inadequacy of the SFA would be related to the difficulty in establishing an appropriate 

functional form of the health production function and the small sample size. 
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The results of the study showed, on average, an overall technical inefficiency in the provision of basic health 

care in Côte d’Ivoire regardless of the method used, with scores of 94.13% for the DEA versus 89.61% for the 

SFA and 82.24% for the DEA double bootstrap. 

These results confirm the inadequacies and inequalities between regions in public policies for promoting primary 

health care in Côte d’Ivoire. This observation leads to the need to strengthen the levers capable of increasing this 

effectiveness and the imperative of seeking to control the obstacles likely to degrade it. In this respect, the study, 

in the context of improving the use of resources allocated to these institutions, showed that the proportion of 

nurses in the medical staff, the ratio of inhabitants per nurse and the adult literacy rate by region would be 

favorable factors. On the other hand, the size of the PHCFs, geographic accessibility and the rate of extreme 

poverty by region should be taken into account. Reducing the influence of these latter factors would improve the 

technical efficiency of the PHCFs in the health regions of Côte d’Ivoire. 

However, the results of this study are subject to certain limitations. Among others, the small sample size 

certainly influenced the results of the different methods. Also, the scores obtained, and therefore also the factors 

explaining these scores, remain dependent on the choice of variables (inputs and outputs) even more so when the 

sample size remains small. 

Ultimately, the choice of one method over another should take into account the specificities of the data and 

variables and, above all, the choice of the researcher in an operational way. This study can be used to shed some 

light but cannot make a scientific decision between these methods. 
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