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 Abstract  
 

 

The objective of this study is to assess factors influencing the technical efficiency of health 

systems in African least developed countries (LDCs) for the 2008-2018 period. Following 

the two-stage data envelopment analysis (DEA) approach, DEA and the panel Tobit 

model are used to assess the technical efficiency of health systems and factors affecting 

the technical efficiency of health systems. Using panel data from the World Health 

Organisation, the World Bank, and the United Nations Educational, Scientific and 

Cultural Organisation, the inputs included out-of-pocket health expenditure, domestic 

private health expenditure, domestic general government health expenditure, and 

external health expenditure while the outputs were life expectancy at birth, maternal 

mortality ratio, under five mortality rate, and infant mortality rate. Several socio-

economic and governance factors were also adopted in the assessment of factors affecting 

the technical efficiency of health systems. The health systems of sixteen African LDCs 

were technically efficient, while thirteen were technically inefficient. The technical 

efficiency of health systems in African LDCs was reduced by political stability, voice and 

accountability and prevalence of HIV while it was increased by gross national income. 

African LDCs with technically inefficient health systems are recommended to benchmark 

the practices of African LDCs with technically efficient health systems. They also need to 

improve political stability, create a conducive environment for accountability and step up 

the fight against HIV/AIDs. 

 
 

 

 

1. Introduction 

 
Population health is becoming a growing issue of global concern, which is why increasing health spending is seen as an 

investment that ensures access to better health care (Zhou et al., 2020). Hadad et al. (2013) asserts that health investments 

are crucial to both developed and least developed countries for the efficient operation of their health systems. Although 

people in least developed countries face challenges in accessing health care because of high costs, El Husseiny (2022) 

states that since least developed countries have scarce health resources, the efficient use of these resources is crucial 

because inefficiencies undermine the ability of people to have access to decent and affordable health care.  

According to the World Health Organisation “WHO” (2010), between 20% and 40% of health spending globally 

is wasted because of inefficiencies. In the least developed nations, particularly those African LDCs, where there are 

numerous structural obstacles, high disease burdens, and subpar performance in terms of a number of socioeconomic 

and governance factors that have a negative impact on health, the scope of this wastage is unknown (Sun et al., 2017; 

Zhou et al., 2020). Even though governments of African LDC are dedicated to the Sustainable Development Goals 

(SDGs), Pérez-Cárceles et al. (2018) and Sun et al. (2017) argue that in order for African LDCs to achieve health-related 

goals, they must not only generate more financial resources for health ("more money for health") but also use those 

resources more efficiently ("more health for the money"). Thus, according to Arthur and Oaikhenan (2017), evaluating 
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the technical efficiency of health systems and factors associated with the technical efficiency of health systems, which 

are the two objectives of this study, is crucial if African LDCs are to address issues of improving health outcomes and 

move towards achieving universal health coverage.  

For a variety of reasons, the findings of this study are important. First, after African LDCs with technically 

efficient health systems are identified, they can serve as benchmarks for African LDCs with technically inefficient health 

systems. Second, it is anticipated that African LDCs must focus on the issues that reduce the technical efficiency of their 

health systems. Third, it contributes to the small but expanding body of academic knowledge about the technical 

efficiency of health systems and factors associated with the technical efficiency of health systems in resource constrained 

settings. Such significant literature might be useful to upcoming researchers. 

The remaining part of this study is structured as follows: The literature review is found in Section 2. The 

methodology is presented in Section 3, the results and discussions are presented in Section 4 while the conclusion is 

presented in Section 5. 

 

2.0 Literature Review 

 
2.1 Theoretical Literature  

The theoretical literature on the efficiency of health systems is built on the theory of production (Kleine, 2004; Yawe, 

2006) and the social determinants of health theory (Embrett and Randall, 2014; Papanicolas et al., 2013). According to 

Wagstaff (1986), the theory of production views a health system as one that produces outputs using inputs. Kleine (2004) 

states that production is the process of transforming inputs into outputs, and the production function depicts the 

relationship between inputs and outputs. 

The production process is impacted by variables outside the control of health systems, according to Sengupta 

(1996). These factors are described in detail in the social determinants of health theory as a nexus of social, economic, 

and governance factors that affect the health outcomes of nations (World Health Organisation, 2008).  

 

2.2 Empirical Evidence  

Most of the studies assessing the factors associated with the technical efficiency of health systems among countries from 

several regions of the world follow the two-stage DEA approach where the technical efficiency scores obtained in the 

first stage are used as dependent variables in the second stage to assess the factors associated with the technical efficiency 

of health systems. The technical efficiency scores in the first stage are obtained with the help of non-parametric methods 

(Çelik et al., 2017; Pourreza et al., 1995). They are then used as the dependent variables in the second stage in the 

assessment of factors associated with the technical efficiency of health systems using methods like spearman’s 

correlation analysis (Bhat, 2005), Multivariate regression models (Hadad et al., 2013; Pourreza et al., 1995), Logit model 

with random effects maximum likelihood estimation regression (Ravangard et al., 2014) and ordinary least squares 

(Çelik et al., 2017).  

In this regard, several inputs have been adopted including those focusing on health expenditure (Lupu and 

Tiganasu, 2022; Barasa et al.,2021; Ibrahim et al., 2019; Jordi et al., 2020; Top et al., 2020), those on health equipment 

(Kaya Samut and Cafrı, 2016; Pérez-Cárceles et al., 2018) and others on the health workforce (Afonso and St Aubyn, 

2006; Hadad et al., 2013). The outputs that have been considered include life expectancy (Sun et al., 2017; Top et al., 

2020; Zhou et al., 2020), infant mortality rate (Chai et al., 2019; Hsu, 2013; Kaya Samut and Cafrı, 2016), maternal 

mortality ratio (Chai et al., 2019; Ibrahim et al., 2019) and under five mortality rate (Sun et al., 2017).  

Several environmental variables that affect the technical efficiency of health systems have also been considered. 

They include socioeconomic factors like income (Çelik et al., 2017; Jordi et al., 2020), education (Lupu and Tiganasu 

2022; Barasa et al., 2021; Afonso and St Aubyn, 2006; Dhaoui, 2019), urbanization rate (Ibrahim et al., 2019), gross 

domestic product (Kaya Samut and Cafrı, 2016; Zhou et al., 2020; Nassar et al., 2020; Konca and Top, 2022), age (Bhat, 

2005), tobacco and alcohol consumption (Afonso and St Aubyn, 2006; Bhat, 2005), unemployment (Konca and Top, 

2022; Hadad et al., 2013), population density and region (Lupu and Tiganasu 2022; Hsu, 2013), as well as prevalence of 

HIV (Barasa et al., 2021). The governance factors include government effectiveness and rule of law (Ibrahim et al., 

2019; Sun et al., 2017), voice and accountability, political stability and absence of violence, regulatory quality (Sun et 

al., 2017), control of corruption (Dhaoui, 2019) and level of corruption (Zhou et al., 2020).  

These studies established variations in the technical efficiencies of health systems for a number of countries and 

these variations were associated to various socioeconomic and governance factors. Since the technical efficiency scores 

obtained in the first stage of analysis are used as the dependent variables in the second stage to assess of factors associated 

with the technical efficiency of health systems, there is need to choose the best input/output combinations in the first 

stage of analysis (Adang and Borm, 2007). Failure to have the best input/output combinations while estimating the 

technical efficiency of health systems means results of the assessment of factors associated with the technical efficiency 
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of health systems would be biased like it is the case with most of the studies (Çelik et al., 2017; Ravangard et al., 2014; 

Hadad et al., 2013; Bhat, 2005; Pourreza et al., 1995). This study addresses this gap by using correlational analysis by 

Rooijakkers (2018); Kizza (2012) and Yawe (2006) to select the best input and output combinations for the estimation 

of the technical efficiency and factors associated with the technical efficiency of health systems in African LDCs.  

 

3.0 Methods 

 
3.1 Unit of Analysis and Variables 

Each African LDC is a decision-making unit (DMU) or unit of analysis (Kizza, 2012; Yawe, 2006). Based on the 

availability of data, twenty-nine African LDCs are considered for the study. Table 1 provides the distribution of African 

LDCs by region.  

Table 1: Regional Distribution of African Least Developed Countries  

 Region  Countries  

1 Central Africa  Central African Republic, Chad, Democratic Republic of Congo 

2 East Africa  Burundi, Djibouti, Eritrea, Ethiopia, Rwanda, Sudan, Tanzania, Uganda 

3 

West Africa  

Benin, Burkina Faso, Gambia, Guinea, Guinea-Bissau, Liberia, Mali, Mauritania, Niger, Senegal, Sierra 

Leone, Togo 

4 Southern 

Africa  Angola, Lesotho, Madagascar, Malawi, Mozambique, Zambia 

Source: Adopted from Wale-Oshinowo et al. (2022) 

 

As shown in Table 1, of the twenty-nine LDCs in Africa, twelve are located in West Africa, eight in East Africa, six in 

Southern Africa, and three in Central Africa. According to Wale-Oshinowo et al. (2022), the geographic configurations 

resulting from the colonial and post-colonial delineation of these regions of Africa are to blame for the high proportion 

of African LDCs in West and East Africa. 

3.2 Input, Output and Environmental Variables  

The input/output variables and environmental variables for the study are presented in Table 2. According to Çelik et al. 

(2017) and Ng (2008), the health outputs are represented by health outcomes in the assessment of the technical efficiency 

because; i) Efficiency is defined differently for health services compared to other industries not in the health sector. ii) 

Since producing health is difficult, health outcomes are used as a proxy for output. Following Zhou et al. (2020) and 

Ibrahim et al. (2019), to devise variables that capture good health outcomes, Infant Mortality Rate (IMR); Maternal 

Mortality Ratio (MMR) and Under-five Mortality Rate (U5MR) values are converted to Infant Survival Rate (ISR) 

(𝐼𝑆𝑅 = (1000 − 𝐼𝑀𝑅) ⁄ 𝐼𝑀𝑅 ), Maternal Survival Ratio (MSR) (𝑀𝑆𝑅 = (1000 − 𝑀𝑀𝑅) 𝑀𝑀𝑅 )⁄  and Under five 

Survival Rate (U5SR)  (𝑈5𝑆𝑅 =  1 𝑈5𝑀𝑅)⁄ . 

Table 2: Definition and Source of Input, Output and Environmental Variables  
No Variable 

Acronym 

Variable  Role  Definition and Measurement Data Source  

1 DGGHE Domestic general 

government health 

expenditure per capita  

Input  Public expenditure on health from domestic 

sources per capita expressed in current 

United States Dollars (USD) 

WHO (2019) 

2 OOPHE Out-of-pocket 

expenditure per capita  

Input  Health expenditure through out-of-pocket 

payments per capita in USD.   

WHO  

(2019) 

3 DPHE Domestic private health 

expenditure per capita  

Input  Current private expenditures on health per 

capita expressed in current USD.  

WHO  

(2019) 

4 EHE External health 

expenditure per capita  

Input  Current external expenditures on health per 

capita expressed in current USD.  

WHO (2019) 

5 LE Life Expectancy at Birth Output  Life expectancy at birth indicates the number 

of years a newborn infant would live if 

prevailing patterns of mortality at the time of 

WHO  

(2019) 
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its birth were to stay the same throughout its 

life. 

6 MMR Maternal mortality ratio 

(per 100 000 live births) 

 

Output  The number of maternal deaths during a 

given time period per 100,000 live births 

during the same time period.  

WHO  

(2019) 

7 U5MR Under-five mortality 

rate (per 1000 live 

births) 

 

Output  The probability of a child born in a specific 

year or period dying before reaching the age 

of five, if subject to age-specific mortality 

rates of that period.  

WHO (2019) 

8 IMR Infant mortality rate (per 

1000 live births) 

Output  The probability of a child born in a specific 

year or period dying before reaching the age 

of one, if subject to age-specific mortality 

rates of that period.  

WHO (2019) 

9 CoC Control of Corruption  Governance 

indicator 

Captures the perceptions of the extent to 

which public power is exercised for private 

gain, including both petty and grand forms of 

corruption, as well as "capture" of the state 

by elites and private interests. 

World Bank 

(2021a)   

10 RoL Rule of Law  Governance 

indicator 

Captures the perceptions of the extent to 

which agents have confidence in and abide 

by the rules of society, and in particular the 

quality of contract enforcement, property 

rights, the police, and the courts, as well as 

the likelihood of crime and violence. 

World Bank 

(2021a)   

11 RegQ Regulatory Quality  Governance 

indicator 

Captures perceptions of the ability of the 

government to formulate and implement 

sound policies and regulations that permit 

and promote private sector development. 

World Bank 

(2021a)   

12 GovEff Government 

Effectiveness  

Governance 

indicator 

Captures perceptions of the quality of public 

services, the quality of the civil service and 

the degree of its independence from political 

pressures, the quality of policy formulation 

and implementation, and the credibility of 

the government's commitment to such 

policies. 

World Bank 

(2021a)   

13 PolStab Political Stability  Governance 

indicator  

Captures perceptions of the likelihood that 

the government will be destabilized or 

overthrown by unconstitutional or violent 

means, including politically-motivated 

violence and terrorism. 

World Bank 

(2021a)   

14 Voice and 

Acct 

Voice and 

Accountability  

Governance 

indicator 

Captures perceptions of the extent to which a 

country's citizens are able to participate in 

selecting their government, as well as 

freedom of expression, freedom of 

association, and a free media. 

  World Bank 

(2021a)   

15 GSSE Gross Secondary School 

Enrolment  

Socioeconomi

c indicator 

This is the ratio of total enrollment, 

regardless of age, to the population of the 

age group that officially corresponds to 

secondary school level of education  

United 

Nations 

Educational, 

Scientific 

and Cultural 

Organisation 

(UNESCO) 

Institute for 

Statistics 

(2021a) 

16 AdLit Adult Literacy Rate  Socioeconomi

c indicator 

This is the percentage of the population aged 

15 years and over that can read and write.  

UNESCO 

Institute for 

Statistics 

(2021b) 
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17 GDPgrowth GDP growth (annual %) Socioeconomi

c indicator 

This is the sum of gross value added by all 

resident producers in the economy plus any 

product taxes and minus any subsidies not 

included in the value of the products.  

World Bank 

(2021b) 

18 UnempTota

l 

Unemployment, total (% 

of total labor force)1  

Socioeconomi

c indicator 

This refers to the share of the labor force that 

is without work but available for and seeking 

employment. 

World Bank 

(2021b) 

19 GNI Gross National Income Socioeconomi

c indicator 

This is the sum of value added by all resident 

producers plus any product taxes (less 

subsidies) not included in the valuation of 

output plus net receipts of primary income 

(compensation of employees and property 

income) from abroad.  

World Bank 

(2021b) 

20 MeaslesIm

m 

Immunization, measles 

(% of children ages 12-

23 months) 

Socioeconomi

c indicator 

This is the percentage of children ages 12-23 

months who received the measles 

vaccination before 12 months.  

World Bank 

(2021c) 

21 UrbPop Urban population (% of 

total population)  

Socioeconomi

c indicator 

This is the percentage of total population of a 

country, territory, or geographic area living 

in places defined as urban, at a specific point 

of time, usually mid-year.  

World Bank 

(2021c)  

22 PopDens Population Density 

(people per sq. km of 

land area) 

Socioeconomi

c indicator 

This is the population count of all residents 

regardless of legal status or citizenship 

except for refugees not permanently settled 

in the country of asylum, who are generally 

considered part of the population of their 

country of origin.  

World Bank 

(2021c) 

23 HIVPrev Prevalence of HIV, total 

(% of population ages 

15-49) 

Socioeconomi

c indicator 

This is the percentage of people ages 15-49 

who are infected with HIV. 

World Bank 

(2021c) 

3.3 Health Systems Technical Efficiency Estimation: Best Input/Output Combinations  

In line with Madhanagopal and Chandrasekaran (2014) and Wagner and Shimshak (2007), this study adopts the Pearson’s 

correlation analysis to identify the best input and output combinations. Input and output variables with high and 

significant correlations are merely redundant and are not adopted for further analysis (Kizza, 2012; Nunamaker, 1985; 

Yawe, 2006). Kizza (2012) and Yawe (2006) state that the final DEA model should be built using the input/output 

combinations that offer the highest level of technical efficiency. 

3.4 Theoretical Framework  

The theoretical framework for factors associated with the technical efficiency of health systems is based on the two stage 

DEA approach. The best practice frontier from the theory of production is used in the first stage to assess the technical 

efficiency of health systems. African LDCs with technically efficient health systems are identified using the "best-

practice" frontier, a piece-wise linear envelopment of inputs and outputs (Alexander et al., 2003). African LDCs 

operating on the frontier have technically efficient health systems while those operating off the frontier have technically 

inefficient health systems.  

According to Akinola and Young (1985), the threshold which explains the behavior of the Tobit model provides 

the theoretical framework for assessing the factors associated with the technical efficiency of health systems. Based on 

the dependent variable generated in the first stage analysis (technical efficiency) is a limited dependent variable that 

takes on two values, 𝑌 = 𝑦∗ (for a technically efficient health system), 𝑌 = 0 (for a technically inefficient health system) 

and 𝑋 is a vector of explanatory variables, the expected functional relationship between the dependent and explanatory 

variables is estimated.  

 

 

 
1 Unemployment is included as one of the environmental variables affecting the technical efficiency of health systems because it is associated with 

poorer health, including a higher risk of mortality and lower levels of psychological well-being (Frech et al. 2022) 
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3.5 Empirical Model Estimation  

Following the two-stage DEA approach, in the first stage DEA a non-parametric linear method is used to estimate the 

technical efficiency which considers the production of a given unit of output investing minimum inputs according to 

Hadad et al. (2013). The most widely used DEA models are the Constant Return to Scale (CRS) and the Variable Returns 

to Scale (VRS) model (Dhaoui, 2019).  

In terms of orientation, Ahmed et al. (2019) and Anton (2013) state that DEA models can either be input oriented 

(those that minimize inputs with a fixed level of outputs) or output oriented (those that maximize outputs with a fixed 

level of inputs). This study follows Dhaoui (2019) and adopts the VRS output-oriented DEA model because the health 

systems of African LDCs are not optimally operating and strive to improve public health. Following Ahmed et al. (2019), 

The VRS output-oriented DEA model is specified as: 

 

𝑀𝑎𝑥 𝐸𝑞 =  ∑ 𝑢𝑖𝑦𝑖𝑞 + µ                                   (1) 

 

Subject to constraints  

 
∑ 𝑣𝑖 + 𝑦𝑖𝑞 = 1𝑚

𝑖=1                                  (2)    

 

∑ 𝑢𝑖 + 𝑦𝑖𝑞 −  ∑ 𝑣𝑗𝑥𝑗𝑞  + µ
𝑗
𝑟=1 ≤ 0,                                   (3) 

 

Where: 

𝑞 = 1, … , 𝑛 

 𝑢𝑖  , 𝑣𝑗 ≥ 𝜀 > 0 

µ > 0, µ = 0,   µ < 0,  
 

and where:  

𝐸𝑞= efficiency of the 𝑞 − 𝑡ℎ DMU, 𝑦𝑖𝑞= output 𝑖 produced by DMU 𝑞, 𝑥𝑗𝑞= input 𝑗 produced by DMU 𝑞, 𝑢𝑖= weight 

given to output 𝑖 , 𝑣𝑗 = weight given to input 𝑗 , 𝜀  is a constant which makes all weight of inputs and outputs positive. µ 

>0 defines Increasing Returns to Scale (IRS), µ = 0 defines Constant Returns to Scale (CRS), and µ<0 defines decreasing 

returns to scale (DRS). A DMU is termed as technically efficient if it obtains a score of 1 from the DEA model. 

Otherwise, the DMU is considered to be technically inefficient.  

In the second stage, the panel Tobit model is adopted to assess the factors associated with the technical efficiency of 

health systems in African LDCs (Kaya Samut and Cafrı, 2016; Maddala, 1987). This approach is plausible since the 

technical efficiency scores that are used as the dependent variable have a censored structure. Following Kaya Samut and 

Cafrı (2016), the panel Tobit used in this study is expressed as:   

 𝑦𝑖𝑡
∗ = 𝛽/𝑥𝑖𝑡 + 𝜀𝑖𝑡                                    (4) 

𝑦𝑖𝑡 = {
𝑦𝑖𝑡

∗ ,     𝑖𝑓𝑦𝑖𝑡
∗ < 1  

1,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
        𝑖 = 1, … , 𝑁 and 𝑡 = 1, … , 𝑇                              (5) 

𝑖  and 𝑡  represent the country and time respectively.  𝑥𝑖𝑡  is the explanatory variable in the 1 × 𝑘 dimension while 𝛽 is 

the parameter vector in the 𝑘 × 1 dimesnion. 𝜀𝑖𝑡 in equation (5) is defined as: 

 𝜀𝑖𝑡 =  𝛾𝑖 + 𝜇𝑖𝑡                                   (6) 

Where 𝛾𝑖 are the unobservable individual effects and 𝜇𝑖𝑡 are the unobservable individual and random effects.  

3.5.1 Estimation Issues for Factors Associated with the Technical Efficiency of Health Systems 

Following Novignon (2015), it is anticipated that there are a number of estimation issues that arise when estimating the 

factors associated with the technical efficiency of health systems. First, the Hausman’s test is used to choose between 

the random effects Tobit model and the fixed effects Tobit models (Selim and Bursalioglu, 2013). Second, the Breuch-

Pagan test is adopted to choose between random effects Tobit model and the pooled Tobit model (Novignon, 2015). 

Third, Robust standard errors are used to cater for heteroscedasticity according to Baltagi (2008). Fourth, the Wooldridge 
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(2002) test is used to test for serial correlation (Drukker, 2003). Fifth, the Friedman (1937) test is used to test for cross 

sectional dependence. 

3.6 Analysis of Data  

The DEA model is estimated using DEAP version 2.1 by Coelli (1996). STATA version 15 from StataCorp (2015) is 

used for the pre-estimation techniques and to estimate the panel Tobit regression as well as the necessary post estimation 

techniques.  

4.0 Results and Discussion  
 

4.1 Descriptive Statistics  

 

Table 3: Descriptive statistics for Input, Output, Socio-Economic and Governance variables (n=29) from 2008-

2018 
Variable  Observations  Mean  Std. Dev. 

Input Variables  
  

Domestic General Government Health Expenditure 319 14.273 16.633 

Domestic Private Health Expenditure 319 20.959 17.611 

External Health Expenditure   319 11.774 9.137 

Out-of-Pocket Health Expenditure   319 18.098 16.253 

Output Variables 
  

Under Five Survival Rate 319 0.013 0.007 

Maternal Survival Ratio 319 1.438 1.587 

Life Expectancy at Birth 319 59.056 4.901 

Infant Survival Rate 319 17.453 5.422 

Governance Factors  
 

Control of Corruption   319 -0.731 0.566 

Government Effectiveness  319 -0.928 0.507 

Political Stability 319 -0.586 0.783 

Regulatory Quality 319 -0.848 0.474 

Rule of Law 319 -0.812 0.478 

Voice of Accountability  319 -0.692 0.636 

Socio-Economic Factors  
 

Population Density (people per sq. km of land area)  319 22517.64 32660.86 

Gross National Income  312 2769.006 1796.97 

Urban Population (% of total population)  312 34.03 11.749 

Prevalence of HIV, total (% of population ages 15-49) 286 3.608 5.31 

Unemployment Total  319 5.764 5.439 

GDP Growth (annual %) 312 1120.899 798.512 

Immunisation for measles 319 78.069 14.953 

Gross Secondary School Enrollment   319 61.351 34.22 

Adult Literacy Rate 319 322.246 307.086 

  

As shown in Table 3, there is variation among the chosen inputs/outputs and several socio-economic and governance 

indicators for various African LDCs. Over the 2008-2018 period, the average domestic general government health 

expenditure was US$14.3 million while the average external health expenditure was US$11.7 million. Domestic private 

health expenditure and out-of-pocket health expenditure had average values of US$21.0 million and US$18.1 million, 

respectively. The average life expectancy at birth was at 59.056 years, the average under five survival rate, maternal 

survival ratio and infant survival rates were 0.013, 1.438 and 17.453, respectively.  

The average of population density was 22517.64 people per sq. km of land area while the average number of 

people living in urban areas as a percentage of total population was 34.0%, the averages of gross national income and 

gross domestic product growth were US$2769.0 million USD and US$1120.9 million, respectively. The average number 

of people aged 15 to 49 who had HIV/AIDS was 3.608 million, the average number of children between the ages of 12 

and 23 who received the measles vaccine was 78.069 million. The averages of labor force that is unemployed but looking 
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for work, gross secondary school enrollment, and adult literacy rate were 5.764 million, 61.351 million and 322.246 

million, respectively. Political stability estimates had the highest average value for governance factors, at -0.586, and the 

government effectiveness estimate had the lowest average value of -0.928. 

 

4.2 The Technical Efficiency of Health Systems  

 

4.2.1 Choice of the Input/Output Combinations  

To determine the relationships between inputs and outputs, the Pearsons correlation matrix is estimated; and the results 

are summarised in Table 4.  

 

Table 4: Pearson Correlation Matrix of Inputs and Output Variables (n=29), 2008-2018 
 Under 

Five 

Survival 

Rate 

Maternal 

Survival 

Ratio  

Life 

Expecta

ncy at 

Birth  

Infant 

Survival 

Rate  

Domestic 

General 

Governme

nt Health 

Expenditu

re 

Domestic 

Private 

Health 

Expenditu

re 

External 

Health 

Expenditu

re   

Out-of-

Pocket 

Health 

Expenditu

re   

Under Five Survival 

Rate 

1        

Maternal Survival Ratio 0.837*** 1       

Life Expectancy at 

Birth  

0.0660 0.118* 1      

Infant Survival Rate  0.0771 0.0760 0.775*** 1     

Domestic General 

Government Health 

Expenditure 

-0.0820 0.117* -0.0772 -0.0474 1    

Domestic Private Health 

Expenditure 

0.187*** 0.190*** 0.0602 -0.0832 0.357*** 1   

External Health 

Expenditure   

0.404*** 0.442*** -0.113* 0.0689 0.0658 -0.0780 1  

Out-of-Pocket Health 

Expenditure   

0.168** 0.122* 0.0411 -0.104 0.282*** 0.980*** -0.0911 1 

Note: * p < 0.05, ** p < 0.01, and *** p < 0.001 denote statistical significance at the 5%, 1%, and 0.1% levels of significance, 

respectively. 

 

4.2.2 DEA Model Specifications  

Based on the results of Pearson’s correlation matrix in Table 4, several input/output combinations are presented in Table 

5. Following Nunamaker (1985) and Lewin et al. (1982), input/output combinations that are highly correlated and 

significant at 5%, 1% or 0.1% are dropped from several DEA specifications.  

According to Raeesi et al. (2018), all inputs are considered for DEA Models 1 and 2 because when a fair number 

of financial resources are spent on health, human capital increases. Under five survival rate and maternal survival ratio 

are dropped as outputs for DEA Model 1 because they have a high significant positive correlation  (𝑟 = 0.837 > 0.5,
𝑝 < 0.001). Life expectancy and infant survival rates are considered as outputs for DEA Model 1 because life 

expectancy is a more intuitive and meaningful measure of population health while infant survival rate is one of the 

indicators of SDG 3 which ensures healthy lives and promotes wellbeing for all ages (Kiross et al., 2020). 

 

Table 5: DEA Model Specifications for Different Input/Output Combinations 
Variables / Model 1 2 3 

Inputs    

Domestic General Government Health Expenditure X X X 

Domestic Private Health Expenditure X X  

External Health Expenditure X X X 

Out-of-Pocket Health Expenditure X X  
Outputs    

Under Five Survival Rate  X X 
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Maternal Survival Ratio  X X 

Life Expectancy at Birth X  X 

Infant Survival Rate X  X 

Life expectancy at birth and infant survival rate are dropped in DEA Model 2 because they have a high significant 

positive correlation (𝑟 = 0.775 > 0.5, 𝑝 < 0.001). Furthermore, according to Miladinov (2020), infant survival rate 

and life expectancy are dropped because their trends are unequally distributed globally and are better in the developed 

countries compared to African LDCs.  

Domestic general government health expenditure and external health expenditure are considered as inputs while 

domestic private health expenditure and out-of-pocket health expenditure are dropped in DEA Model 3 because they 

have high significant positive correlation  (𝑟 = 0.980 > 0.5, 𝑝 < 0.001). Domestic general government health 

expenditure and external health expenditure are considered as inputs because of the increasing role governments of 

African LDCs and international donors to play in health care financing (Novignon, 2015). Out-of-pocket health 

expenditure and domestic private health expenditure are dropped because they are considered catastrophic and push 

individuals to poverty (Sirag and Mohamed Nor, 2021). Given the role governments of African LDCs and donors play 

in health financing, domestic general government health expenditure, external health expenditure and all outputs are 

included in DEA Model 3 (Anyanwu and Erhijakpor, 2009). 

Given the DEA Model specifications in Table 5, three DEA Models based on the VRS assumption are estimated 

in Table 6 to obtain the technical efficiency scores. DEA Model 1 is the most preferred model because it has the highest 

mean technical efficiency score of 0.944 with 16/29 countries on the production frontier. This is followed by DEA 

Models 2 and 3 which have mean technical efficiency scores of 0.741 and 0.935, respectively, and 14/29 and 12/29 

countries on the production frontier. 

 

Table 6: Technical Efficiency for Three (3) Selected DEA Models  
  Model 1 Model 2 Model 3 

Country/DMU vrste vrste vrste 

Angola 0.847 0.702 0.867 

Benin 0.947 0.421 0.951 

Burkina Faso 0.89 0.539 0.894 

Burundi 1 1 0.938 

Central African Republic  1 1 0.801 

Chad 1 1 1 

Democratic Republic of Congo 1 1 1 

Djibouti 0.943 0.81 0.968 

Eritrea 1 0.717 1 

Ethiopia 1 1 1 

Gambia 0.958 0.444 0.954 

Guinea 1 1 1 

Guinea-Bissau 0.856 0.505 0.871 

Lesotho 0.692 0.35 0.7 

Liberia 0.94 0.472 0.96 

Madagascar 1 1 1 

Malawi 1 0.454 0.838 

Mali 0.885 0.339 0.885 

Mauritania 1 1 1 

Mozambique 1 1 0.857 

Niger 1 1 0.964 

Rwanda 1 1 1 

Senegal 1 0.465 1 

Sierra Leone 0.791 1 1 

Sudan 1 1 1 

Togo 1 1 1 

Uganda 0.878 0.331 0.887 

Tanzania 0.912 0.577 0.926 

Zambia 0.845 0.365 0.854 
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 Mean 0.944 0.741 0.935 

 Number on Frontier 16 14 12 

   Note: vrste = technical efficiency from VRS DEA, scale = scale efficiency = crste/vrste,  

     

4.2.3 Technical Efficiency of Health Systems in African LDCs   

Results in Table 7 show that for 2008-2018 period, sixteen African LDCs (Burundi, Central African Republic, Chad, 

Democratic Republic of the Congo, Eritrea, Ethiopia, Guinea, Madagascar, Malawi, Mauritania, Mozambique, Niger, 

Rwanda, Senegal, Sudan, and Togo) had technically efficient health systems, while thirteen African LDCs (Angola, 

Benin, Burkina Faso, Burkina Faso, Djibouti, Gambia, Guinea Bissau, Lesotho, Liberia, Mali, Sierra Leone, Uganda, 

Tanzania, and Zambia) had technically inefficient health systems. The average technical efficiency score of 0.944 means 

that African LDCs need to use 5.6 percent less of the inputs to produce outputs.  

Table 7: Technical Efficiency Scores of Africa LDCs(n=29) for Model 1 from 2008-2018 
Country crste vrste Returns to Scale  

Angola 0.716 0.847 Decreasing Returns to Scale 

Benin 0.628 0.947 Decreasing Returns to Scale 

Burkina Faso 0.532 0.890 Decreasing Returns to Scale 

Burundi 0.970 1 Increasing Returns to Scale 

Central African Republic 0.855 1 Increasing Returns to Scale 

Chad 1 1 - 

Democratic Republic of Congo 1 1 - 

Djibouti 0.696 0.943 Decreasing Returns to Scale 

Eritrea 1 1 - 

Ethiopia 1 1 - 

Gambia 0.753 0.958 Decreasing Returns to Scale 

Guinea 1 1 - 

Guinea-Bissau 0.454 0.856 Decreasing Returns to Scale 

Lesotho 0.321 0.692 Decreasing Returns to Scale 

Liberia 0.595 0.940 Decreasing Returns to Scale 

Madagascar 1 1 - 

Malawi 1 1 - 

Mali 0.587 0.885 Decreasing Returns to Scale 

Mauritania 1 1 - 

Mozambique 1 1 - 

Niger 1 1 - 

Rwanda 0.849 1 Decreasing Returns to Scale 

Senegal 1 1 - 

Sierra Leone 0.586 0.791 Decreasing Returns to Scale 

Sudan 1 1 - 

Togo 1 1 - 

Uganda 0.404 0.878 Decreasing Returns to Scale 

Tanzania 0.604 0.912 Decreasing Returns to Scale 

Zambia 0.278 0.845 Decreasing Returns to Scale 

Mean 0.787 0.944  
Note:  vrste = technical efficiency from VRS DEA,  

crste = technical efficiency from CRSDEA 
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4.3 Factors Associated with Technical Efficiency of Health Systems  

 

4.3.1 Choice between Random Effects, Fixed Effects and Pooled Tobit Models 

Based on the results from Appendix 1, results from Table 8 indicate that the null hypothesis that the conditional mean of 

the disturbances given the regressors is zero is not rejected because the probability of the Chi2(13) = 0.1299 is greater 

than 0.05, thus the random effects Tobit model is preferred over the fixed effects Tobit model.   

 

Table 8: Results of the Hausman Specification Test 

Chi2(13) (b − B)I[(V_b − V_B)^(−1)](b − B) 

Chi2(13)  18.78 

Prob > Chi2(13)  0.1299 

  

Results of the Breusch-Pagan test, in Table 9, indicate a chi-square value of 315.61 with 1 𝑑𝑓  has Prob >  chibar2 = 

0.0000 which is less than 0.05. Therefore, the null hypothesis of no random effects is rejected and accept the alternative 

hypothesis that the random effects Tobit model is more appropriate is accepted. 

 

Table 9: Results of the Breusch-Pagan Test 

vrste[country, t]  =  Xb +  u[country]  +  e[country, t] 

Estimated results: 

 Var sd =  sqrt(Var) 

Variable Returns to Scale Technical Efficiency 0.00535 0.0731434 

𝑒 0.001175 0.0342757 

𝑢 0.001861 0.0431416 

Test:   Var(𝑢) =  0  

chibar2(01) =  315.61  

Prob >  chibar2 =  0.0000  

 

 

4.3.2 Results of the Random Effects Tobit Models  

Table 10 summarises the results of the six random effects Tobit models are estimated. In all the six random effects Tobit 

models, the socio-economic factors are included in all the models while the effect of each of the governance factors is 

considered in each of the models, one at a time. Model 1 considers the association of governance effectiveness and the 

technical efficiency of health systems, Models 2, 3, 4, 5 and 6 consider the association of control of corruption, political 

stability, regulatory quality, rule of law, voice and accountability and the technical efficiency of health systems.  

The null hypothesis of no autocorrelation is not rejected in any of the six models (the probability values of the 

F-statistics are insignificant at 5%). Since the probability of Friedman's (1937) test is insignificant for all six models at 

5%, the null hypothesis of no cross-sectional dependence is also not rejected. 

In all the six model, gross national income (GNI) significantly (at 1%) increased the technical efficiency of health systems 

of African LDCs. The “wealth is health” hypothesis is supported in all the six models where GNI significantly (at 1%) 

increased the technical efficiency of health systems in African LDCs by 1.01e-05, 1.08e-05, 1.15e-05, 1.01e-05, 1.06e-

05 and 1.13e-05, respectively. This result is consistent with the findings of authors like Kaya Samut and Cafrı (2016), 

who found that between 2009 and 2010, the GNI increased the effectiveness of health systems in OECD nations. Afonso 

and St Aubyn (2006) also established that wealthier and more developed environments are necessary elements for OECD 

countries to perform better in terms of the effectiveness of their health systems. Sun et al. (2017) also found out that 

between 2004 and 2011, the health systems of 173 countries became more efficient as a result of increased gross national 

income. 
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Table 10: Results of the Random Effects Tobit Models 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

VARIABLES Technical 

Efficiency  

Technical 

Efficiency 

Technical 

Efficiency 

Technical 

Efficiency 

Technical 

Efficiency 

Technical 

Efficiency 

Population density -1.96e-09 -3.65e-08 -1.90e-07 1.87e-08 -1.09e-08 -1.33e-07 

 (4.11e-07) (4.19e-07) (4.27e-07) (4.07e-07) (4.15e-07) (4.22e-07) 

Gross National Income  1.01e-05*** 1.08e-05*** 1.15e-05*** 1.01e-05*** 1.06e-05*** 1.13e-05*** 

 (1.87e-06) (2.55e-06) (2.72e-06) (1.96e-06) (2.93e-06) (2.68e-06) 

Total of Urban Population  0.000644 0.000522 0.000622 0.000624 0.000572 0.000754 

 (0.000910) (0.000897) (0.000916) (0.000906) (0.000905) (0.000881) 

Prevalence of HIV  -0.00520** -0.00479** -0.00393* -0.00551*** -0.00486** -0.00322 

 (0.00211) (0.00225) (0.00234) (0.00212) (0.00247) (0.00251) 

Unemployment total -0.00213 -0.00239 -0.00300 -0.00192 -0.00233 -0.00318 

 (0.00227) (0.00216) (0.00212) (0.00211) (0.00228) (0.00218) 

GDP growth (annual%) -9.07e-06 -7.63e-06 -6.16e-06 -9.10e-06 -8.36e-06 -7.99e-06 

 (6.13e-06) (5.60e-06) (5.86e-06) (5.95e-06) (5.94e-06) (5.58e-06) 

Immunization of measles  -0.000187 -0.000149 -5.97e-05 -0.000199 -0.000165 -0.000186 

 (0.000428) (0.000421) (0.000400) (0.000431) (0.000426) (0.000383) 

Gross secondary school enrollment -0.000297 -0.000278 -0.000328 -0.000291 -0.000288 -0.000310 

 (0.000238) (0.000238) (0.000239) (0.000235) (0.000235) (0.000225) 

Adult literacy rate 2.91e-05 2.70e-05 3.49e-05 2.71e-05 2.81e-05 3.31e-05 

 (2.21e-05) (2.17e-05) (2.26e-05) (2.15e-05) (2.17e-05) (2.08e-05) 

Government effectiveness 0.00510      

 (0.0143)      

Control of corruption  -0.00577     

  (0.00938)     

Political stability   -0.0143**    

   (0.00604)    

Regulatory quality    0.0111   

    (0.0116)   

Rule of law     -0.00293  

     (0.0172)  

Voice and accountability      -0.0264** 

      (0.0131) 

Constant 0.960*** 0.949*** 0.935*** 0.966*** 0.952*** 0.930*** 

 (0.0451) (0.0438) (0.0425) (0.0439) (0.0499) (0.0429) 

Observations 279 279 279 279 279 279 

Number of countries  26 26 26 26 26 26 

       

Friedman's (1937) test for cross sectional 

independence 

Value = 3.692 Value = 4.938 Value = 2.954 Value = 5.862 Value = 5.862 Value = 4.754 

Prob=1.000 Prob = 1.0000 Prob = 1.000 Prob = 1.0000 Prob = 1.000 Prob = 1.000 

Wooldridge (2002) test for autocorrelation F(1,25) = 

1.993 

F( 1,25) = 

1.969 

F(1,25) = 

2.064 

F(1,25) = 

1.976 

F(1,25) = 

2.142 

F(1,25) = 

2.083 

Prob > F = 

0.1704 

Prob > F = 

0.1728 

Prob > F = 

0.1632 

Prob > F = 

0.1721 

Prob > F = 

0.1558 

Prob > F = 

0.1613 

Robust standard errors in parentheses (), 

 *** p<0.01, ** p<0.05, * p<0.1 

 
Likewise, the Prevalence of HIV significantly (at 5% in Models 1, 2, 5; at 10% in Model 3; and at 1% in Model 4) 

decreased the technical efficiency of health systems in African LDCs. This is consistent with the findings of Alexander 

et al. (2003), who found that over the course of 1998-1998, the prevalence of adults living with AIDS had a negative 

impact on the efficiency of health systems in developing countries. In a study that compared the effectiveness of national 

health systems in 173 nations between 2004 and 2011, Sun et al. (2017) also established that the prevalence of HIV/AIDS 

significantly reduced the efficiency of the health systems. The reason behind this, according to Boutayeb (2009), is that: 

i) HIV/AIDS reduces life expectancy and is responsible for a significant portion of deaths in African LDCs. ii) More 

than half of all hospital beds in Africa's LDCs are occupied by patients with HIV/AIDs related illnesses which has a 

negative impact on households, communities, and nations. 

In Models 3 and 6, political stability and voice and accountability significantly (at 5%) decreased the technical 



Journal of Economic Policy and Management Issues Volume 2, Issue 1,  2023                         71 
 

 

 

efficiency of health systems in African LDCs as evidenced by the coefficients of -0.0143 in Model 3 and -0.0264 in 

Model 6 that are negative and statistically significant. According to Hussain (2014), a possible explanation for this is 

that political stability that prevents competition, as is the case in many LDCs in Africa, takes the form of complacency 

and stagnation. This is expected to have a negative impact on the technical efficiency of health systems. Furthermore, 

Hussain (2014) states that the oppression and existence of autocratic political parties that are routinely re-elected are the 

main ways that most African LDCs maintain political stability. This, according to Hussain (2014), turns political stability 

into a two-edged sword that provides a haven for cronyism with impunity and a lack of voice for accountability. 

. 

5.0 Conclusion 
Given the increasing role of population health, countries around the world are ensuring that health expenditure wastages 

are minimised more so in countries with scarce health resources. Motivated by the significant amount of world health 

expenditure wasted due to inefficiencies, on the one hand, and the unknown magnitude and drivers of these in/efficiencies 

for African least developed countries, on the other hand, the objective of this study was to assess the factors influencing 

the technical efficiency of health systems in African LDCs for the 2008-2018 period. The study adopted the widely used 

two-stage DEA, DEA and the panel Tobit model to estimate the technical efficiency and factors associated with the 

technical efficiency of health systems in African LDCs. The results of the study revealed that variations exist in the 

technical efficiency of health systems in African LDCs, and these variations are attributed to a number of factors, 

including political stability, voice and accountability, and prevalence of HIV, which decrease the technical efficiency of 

health systems. Meanwhile, gross national income increased the technical efficiency of health systems. Based on the 

results of the study, it is recommended that inefficient African LDCs benchmark the practices of efficient African LDCs. 

Some of the practices of efficient African LDCs that could be benchmarked include increasing government health 

expenditure and governments of African LDCs striving for reasonable political stability, creating a conducive 

environment for accountability and stepping up their fight against HIV/AIDS. Although this study adopted the most 

widely used two-stage DEA approach, which uses the censored (Tobit) regression rather than the truncated regression 

by Simar and Wilson (2007). According to Anang (2022), this approach ignores random noise, which is an important 

factor in estimating efficiency. Future studies can, therefore, use the Simar and Wilson (2007) approach to establish 

whether their findings will differ significantly from those reported in this study.  
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Appendix 1: The fixed effects Tobit model and random effects Tobit model 

Variables (Fixed Effects) (Random Effects) 

 Technical Efficiency Technical Efficiency 

Control of corruption -0.00875 -0.00706 

 (0.0154) (0.0142) 

Government effectiveness  0.0129 0.00770 

 (0.0171) (0.0158) 

Political stability and absence of violence -0.00904 -0.0166** 

 (0.00763) (0.00707) 

Regulatory quality 0.0245* 0.0221* 

 (0.0139) (0.0131) 

Rule of law  -0.0107 0.0162 

 (0.0212) (0.0192) 

Voice and accountability  -0.0194* -0.0252** 

 (0.0117) (0.0103) 

Population density -3.55e-07 -2.84e-07 

 (2.74e-07) (2.33e-07) 

Gross National Income 1.37e-05*** 1.12e-05*** 

 (4.49e-06) (3.85e-06) 

Total of Urban Population 0.00382** 0.00101 

 (0.00188) (0.000781) 

Prevalence of HIV  -0.00864 -0.00383* 

 (0.0100) (0.00207) 

Unemployment Total  -0.00298 -0.00292* 

 (0.00287) (0.00167) 

GDP growth (annual %) 2.31e-06 -6.34e-06 

 (1.09e-05) (9.31e-06) 

Immunization of measles  -0.000299 -0.000133 

 (0.000479) (0.000378) 

Gross secondary school enrollment -0.000339* -0.000370** 

 (0.000195) (0.000187) 

Adult literacy Rate 2.70e-05 3.99e-05* 

 (2.17e-05) (2.03e-05) 

Constant 0.856*** 0.944*** 

 (0.0849) (0.0423) 

Observations 279 279 

R-squared 0.142  

Number of Countries 26 26 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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