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Abstract

The problem of low access to health care services in Africa remains challenging to policy makers who
have thus far not sufficiently contemplated polices on the demand-side factors. To assist in
policymaking, the present study identifies the key determinants of access to healthcare in Africa and
estimates the short-run and long run effects of these determinants. Panel data from 37 African
countries, collected from the World Bank Development Indicators for the period 1995-2012, are
analysed using the pooled mean group estimators. Income appears the strongest determinant of access
in the long run in countries in Africa included in the sample. Access to healthcare was a necessity
with the long-run income elasticity for access to healthcare being 0.1149. The short-run effects of
income on access were, however, only significant in four of the countries in the sample. The
difference in the effects of income in the short run and the long run was generally applicable to other
variables. These findings imply that policy makers should focus on income to increase access to
healthcare while taking cognisance of country-specific conditions in the short run to mitigate varying
levels of shocks.
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JEL Classification: 111, 115, 118, C23

1. Introduction

Improved health status is one of the most important items on the international development
agenda because of the economic and social benefits that it provides. The importance of better
health status is reflected in the presence of health-related items in the Millennium
Development Goals (MDG) as well as in the more recently adopted Sustainable Development
Goals (SDG). Theoretically, better health status promotes economic development through
improved productivity and learning capabilities, reduces the treatment burden, and
contributes to well-being as a source of enjoyment of life and happiness for households and
individuals (Grossman, 1972).

These theoretical benefits of enhanced health status have been supported by empirical
evidence both at micro and macro levels (Mitchell et al., 2013; Boman & Isiaka, 2015;
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Goetzel, et al., 2004; Oni, 2014; Bloom & Canning, 2015; Peters et al., 2008). At a micro
level, a recent study showed that healthier individuals are more productive through
mechanisms such as fewer days of absence from work, and fitness while at work (Goetzel, et
al., 2004). At macro levels, better health status was found to be positively associated with
economic growth (Oni, 2014; Bloom & Canning, 2015), and in recent evidence, better health
status has been linked to poverty reduction (Peters, et al., 2008).

Despite the positive association between health status, productivity and well-being, health
status has remained relatively poor in low-income countries (LIC). In Africa especially, the
situation has been alarming. Statistics from the World Health Organisation (WHO) show that
in 2012, people in Africa had the lowest life expectancy at birth and suffered about a third of
the world deaths (WHO, 2014). The evidence further reveals that 60.7 percent of these deaths
were caused by preventable or curable diseases such as malaria, diarrhoea and pneumonia
(Loef & Walach, 2012; Corburn & Hildebrand, 2015), raising the issue of access to basic
healthcare. This situation prevails despite evidence that access to available health facilities is
effectively improving health among the most vulnerable (Tanaka, 2010). The evidence is also
that that these facilities are underutilised (Enyioko & Samuel, 2012; Adorka et al.,2013;
Astale & Chenault, 2015). Indeed, studies estimate that millions of individuals on the
continent suffer and even perish because of the underutilisation of healthcare resources
(Theuring, Mugenyi, Rubaihayo, Busingye, & Harms, 2015).

The importance of access to healthcare, and the prevailing underutilisation of healthcare
facilities in Africa has prompted an interest among researchers (O'Donnel, 2007) and policy
makers (Rutherford et al., 2010; Morreale et al., 2014; Ganesh, 2015) in assessing demand-
side factors related to access to healthcare. Theoretically, access to healthcare can be affected
by supply- and demand-side factors, ranging from social, economic and behavioural factors
to environmental factors. Although evidence on access remains insufficient, demand-side
factors have been relatively less investigated, especially at macro levels (Drabo & Ebeke,
2011), as most studies focused on supply-side factors (Gulliford, et al., 2002; Zheng &
Zimmer, 2008; Gulliford & Morgan, 2013). Furthermore, in spite of the existence of multiple
indicators of access to healthcare (as availability of facilities, out-of-pocket payment, health
status levels, affordability, and government budget allocations), most analyses (Oliver &
Mossialos, 2004; Peters, et al., 2008; Delamater et al., 2012) focused on supply-side factors.
These studies used separate indicators of access to healthcare (Aakvik & Holmas, 2006;
Delamater et al., 2012; Moreno-Serra & Smith, 2015; Leegwater et al., 2015). Thus, not only
did these studies overlook demand-side factors but they also ignored the use of a composite
indicator of access to healthcare. Studies that considered demand-side factors of access to
healthcare (Berthelemy & Seban, 2009; O'Donnel, 2007) did not use a composite index of
access either. To the best of our knowledge, studies by Belasco et al. (2012) and Leegwater
et al. (2015) are the only studies that used a composite index of access although they did not
focus on demand-side determinants of that access. Furthermore, these studies did not
distinguish short-run (SR) and long-run (LR) effects of these determinants. This paper
contributes to the literature by identifying demand-side determinants of access, and
distinguishing SR and LR effects of these determinants in the context of an autoregressive
distributed lag (ARDL) model. Given the importance of access to healthcare, this evidence is
relevant for policy making in Africa.

The remainder of the paper is structured as follows: The next section presents the
methodology employed to conduct this study. Section 3 presents the results, while Section 4
discusses the study’s results and conclusion.
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2. Methods
2.1 Theoretical framework

Since the 1970s, access to healthcare has been conceptualised in different ways
encompassing demand and supply facets (Donabedian, 1972; Aday & Andersen, 1974;
Penchansky, 1977; Gulliford, et al., 2002; Oliver & Mossialos, 2004; Peters, et al., 2008).
This paper focuses on the demand-side conception of access by Delamater et al. (2012) and
follows the framework of Peters et al. (2008) where access or utilisation was also conceived
in terms of financial accessibility (price of care, income) and the geographical accessibility
(distance to health facilities).

2.2 Contributing factors indicating access to healthcare

Based on the conception of access adopted, an index of access (ha) is constructed and used as
a dependent variable. This index represents the following three indicators of access (Moreno-
Serra & Smith, 2015): government health expenditure per capita, voluntary health insurance
expenditure per capita, and an aggregate immunisation rate constructed from six
immunisation rates (diphtheria, tetanus toxoid and pertussis; polio; measles; haemophilus
influenza type b; Bacillus Calmette—Guérin (BCG); and hepatitis B). The methodology was
borrowed from that used by the Colorado Health Institute (2015).

Following the methodology, each series of the above variable indicators is normalised using
its maximum value, assumed to represent the best score of access. Thereafter, the average
value of the indicators is used for each observation to constitute the index of access to
healthcare. The estimation of the index does not take into account the weights of indicators
because of the absence of weighting criteria. To circumvent this issue, the study
unsuccessfully attempted the use of the principal component analysis (PCA) as an alternative.
Indeed, while the sampling adequacy of PCA requires a Kaiser-Meyer-Olkin (KMO) test
statistic of greater than 0.5 (Zuo et al., 2015), running this test on our data resulted in a test
statistic of 0.4, suggesting that PCA was not appropriate for our data. Thus, the index of
access was used, following the methodology of the Colorado Health Institute.

Following Peters et al. (2008) and confining our analysis to data availability, our main
covariates are income, measured as constant gross domestic product (GDP) in United States
(U.S.) dollars (2005), and distance to healthcare facilities (DHF), measured in terms of fuel
consumption (CFC). In the absence of the price of healthcare data in Africa, we thought that
the distance to facility (DHF) could act as a proxy. This was then estimated in terms of the
volume of fuel consumption, using the number of barrels of fuel consumed in each country.
According to the demand theory, the increase in the GDP is expected to increase access to
healthcare. With respect to the volume of fuel consumed, it can be positively related to access
in the case that the volume increases with the number of those commuting to healthcare
facilities. The opposite, however, is true if the volume increases because of distances
travelled. So the sign on the distance measure used in this study is a matter of empirical
outcome.

Based on the literature on health and its relevance to this study, some covariates have been
included in the study model in order to control for the effects of health systems, the structures
of the population, and the environments. The study used out-of-pocket payment (OOP) as a
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share of total expenditure on health to proxy the health system (Heijink et al., 2011) and this
variable was expected to have a negative sign. The elderly and the under-five section of the
total population was included to control for the effects of the structure of the population as in
Malmberg (1994), and is expected to have a positive sign because in Africa, the aged and
children under five have a high disease burden. The urban population section of the total
population (URB) was included to control for the spatial distribution (urban-rural) of the
population as in Sanglimsuwan (2011). This indicator is measured as a percentage share of
the total population and is expected to have a positive sign.

2.3 Data
Data collection

Data on 37 African countries (list in Appendix 7) from 1995 to 2012 were collected from the
World Health Organisation (WHO) and World Development Indicators (WDI) online
databases, except for the data on fuel consumption, which were obtained from the U.S.
Energy Information Administration (EIA). While Africa is made up of 54 countries, 17
countries were excluded from the analysis due to missing data. Countries remaining in the
sample are still a good representation of Africa as whole as they include countries with
different levels of incomes, burdens of diseases and geographical locations. Thus, the
exclusion of 17 countries would not bias the estimates and conclusions.

Descriptive Statistics

The panel data of this study has a large T (T>10) suggesting the use of dynamic panel data
modelling (Breitung & Pesaran, 2008). In large T, non-stationarity and spurious regressions
are resolved by this type of modelling (Wooldridge, 2009). The modelling also takes care of
potential cross-sectional dependence that can arise from these types of data (Sarafidis &
Wansbeek, 2012).

Appendix 1 provides descriptive statistics for the variables used in this study. Appendix 2
presents the graphs of level and first-differenced variables of interest, showing that level
variables are not stationary but first-differenced variables are stationary. Still, formal
stationarity tests and cross-section dependence tests are required for further diagnostics on the
data. The correlation matrices between study variables are provided in Appendices 3-6 for
both the “global” sample (all 37 African countries included in this study) and the country
income class (income groups as per World Bank classification). From these correlation
matrices, a number of correlations are found. In the “global” sample, access to healthcare is
positively correlated with the GDP, the cost of fuel consumption and the elderly, while it is
negatively correlated with the OOP. However in the income class sub-samples, access to
healthcare and the number of elderly people are positively correlated with GDP only in the
lower middle-income countries (LMIC) and upper middle-income countries (UMIC). Thus
the correlation of access to healthcare with the number of elderly people and the GDP in the
low-income countries (LIC) is not consistent with that of the full sample.
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Preliminary data diagnostics

The following tests were carried out to determine whether the study variables have unit root
(UR) or the panels in data are cross dependent. The modelling depends on whether these
issues are present or not.

Cross-section dependence (CSD) test

The Pesaran cross-section dependence (CSD) test is used to test for correlations among the
panels. The p-value of 0.77 observed under the null hypothesis of cross-sectional
independence suggests that this hypothesis cannot be rejected. Thus there is statistical
evidence that the study panels are independent.

Unit root (UR) tests

Following the independence of the panels, the study assumes individual unit root process and
uses the Augmented Dickey-Fuller (ADF), Philip Perron (PP) and Im-Pesaran-Shin (IPS)
tests because they allow testing the UR under the assumption of heterogeneity (Baltagi et al.,
2010). These tests are, furthermore, easy to implement using standard software packages.
Table 1 reports the results of the UR tests on level variables applying the ADF-Fisher, PP-
Fisher and IPS tests with individual effects for exogenous variables (columns 1, 2 and 3).

TABLE 1
Unit root test of level variables (In logarithm)
Variables ADF test PP test IPS test
(1) (2) (3)
ha 83.911 63.224 1.201
gdp 77.264 323.300#== 3.583
cfe 54.374 50.317 3.417
oop 109,457 #** 109,573+ -0.317
popb3 174.044 01.856 1.064
popus 172,493+ 188.609+*+ -1.686%*
urb 644,139 1747.060+= -2, 763w
Source: Estimation legend: ** p=0.03; *** p=0.0]

Note that ADF and PP test are in fact “ADF-Fisher” and “PP-Fisher” used in the context of panel data

In all three tests the Schwarz information criterion has been used for the lag length selection.
The results from all the tests indicate that only the variables “under-five” and “urban
populations” are consistently stationary (the null hypothesis of UR is rejected at 1% and 5%
levels of significance). While stationary variables “under-five mortality, popu5”, and “urban
populations, urb” are 1(0), there is no information showing that the remaining non-stationary
variables are I(1) in order to carry out the cointegration test that requires the variables to be
I(1) or a mix of I(1) and 1(0). Thus, the UR tests for first-differenced variables are carried out
to determine if the non-stationary variables are | (1). The UR tests results with first-
differenced variables are presented in Table 2.
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TABLE 2
Unit root test of first-differenced wvariables (In logarithm)
WVariables ADF test PP test IPS test
(1) 2) 3)
ha 386.789%** 455.880%** -17.089%**
gdp 247.093%** 387.880%** -0.0Qg***
cfe 404.145%** 840.877*** -18.030***
oop 380.621%** 666, T45¥** -16.126%**
pop63 170.791%** 198.725%** -4.085%**
popus 226.71TH** 69.208%** =727 THHH
urb 111.279%** 114.741%%* 1.857

Source: Estimation legend: *** p=(0.0]

Note that ADF and PP test are in fact “ADF-Fisher” and “PP-Fisher” used in the context of panel data

The results from the three tests depicted in Table 2 show that all the series are stationary,
except for the IPS test result on the variable urb which was stationary at level. The results of
all these tests reject the null hypothesis of UR at all levels of significance. The fact that we
fail to reject the null hypothesis on the first difference on the urb is due to power issues with
unit root tests. Therefore, we can conclude that the study data has a mix of I (0) and I (1)
variables. This feature allows for the cointegration test.

Cointegration test

Following the results from the CSD and the UR tests, the Kao and Pedroni tests were used to
test whether the study variables are cointegrated or not. The results from these tests are
presented in Table 3.

TABLE 3
Cointegration test
Kao test Pedroni Test
Statistics (D (2)
Individual .Indmdual
intercept intercept &
trend
ADF -3.20%%* - -
Panel v-Statistic - -3.93 -6.21
Panel rho-Statistic - 5.60 7.32
Panel PP-Statistic - -6.56%%% 7 g3Fx*
Panel ADF-Statistic - -6.16%%% .6, 12%%*
Group rho-Statistic - 7.67 8.52
Group PP-Statistic - -23.70%%% .27 38%*%*
Group ADF-Statistic - S0 17#F* LB T2ERHE

Source: Estimation legend: *** p<0.01

The Kao test in column 1 shows that the study variables are cointegrated since the null
hypothesis of no cointegration is rejected at all levels of significance. The results of the
Pedroni (2004) cointegration test are presented in columns 2 and 3. Except for group rho-
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statistic, panel rho-statistic and panel v-statistic, the remaining statistics significantly reject
the null hypothesis of no cointegration. In fact, performing Monte Carlo simulations, Pedroni
(2004) demonstrates that the group-rho, panel-rho and panel-v tests have lower power than
the panel ADF statistic and group ADF statistic. Thus, using higher power tests in our results,
the null hypothesis of UR is rejected at all levels of significance by the panel-ADF, panel-PP
statistic, and group-ADF and group-PP statistics. Hence, it can be concluded that variables in
our behavioural equation trend together in the long run.

2.4 Modelling approach

The diagnostics on the data conducted above suggest that the study can use a dynamic ARDL
panel model derived from the general model of health access (Dor & Van Der Gaag, 1988),
which is re-parameterised into an error correction model (ECM) using the study variables.
This allows modelling both the SR and LR effects of the variables on access to healthcare.
The ECM is specified as follows:

Aha;, = ¢, (ha;, , — €,;0dp;, , — O,cfc;, , —O;00p;, , — O, POP65;, ,

p—1 q—1
— G5, popus;, , —Ogurb; ;) + Z A;Aha; + ZélijAgdpi,Fj
j=1 j=0
g1 q-1 a1
+ D SyAcfe;  + D 85;A00p;, ; + D 5, APOp65,
i—o i—o i—o

g1 q-1
+Z;‘55“Apopu5i,tfj +Z;‘56ijAurbi,tfj + w, + U, )
J= 1=

i=12,.37 t=12,.18

Where for any country i at time t, ha is access to healthcare, gdp is the per capita GDP, cfc is
the cost of fuel consumption, oop is the out-of-pocket payment share of health expenditure,
pop65 and popub are the elderly and under-five populations, and urb is the urban population
as a share of total population. All the variables in Equation (1) are either lagged or first-
differenced. The parameters & and & are the coefficients on the LR and SR independent
variables, respectively, (k = 1... 6), 4 are the coefficients on lagged access to healthcare, ¢ is
the speed of adjustment, @ is the unobserved fixed effects and u the idiosyncratic error
terms. The model in Equation (1) is a log-log model, the most popular flexible functional
form to guarantee the linearity of the model that allows it to interpret the coefficient as
elasticities (Green, 2002).

The parameters of interest are &, 6, and @ which measure, respectively, the LR income
elasticity for access to healthcare, the LR effect of fuel consumption on access to healthcare,
and the speed of adjustment. The &; is expected to have positive signs, while &; and ¢ are
expected to be negative. A negative coefficient of the speed of adjustment term, combined
with the lagged variables, provides us with an “error correction mechanism” that will allow
the system to move back to equilibrium after a shock. The inclusion of the unobserved factor
() seeks to capture the heterogeneity across African countries.

The results of the CSD suggested that the panels in the study dataset are independent. These
results prompted the use of three estimators: the mean group (MG), the pooled mean group
(PMG) and the dynamic fixed effect (DFE) estimators to evaluate the ECMs in this context
(Blackburne & Frank, 2007).
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The MG estimator was suggested by Pesaran & Smith (1995) to obtain consistent estimators
of the means of the slope coefficients and to resolve the bias due to heterogeneous slopes.
This estimator provides the LR parameters for the panels by averaging the LR parameters
from ARDL models for individual countries. The coefficients are heterogeneous in the LR
and in the SR. The MG estimator has the drawback of not allowing for the efficiency gains
that are feasible when some economic features are common across countries. Nonetheless,
the consistency and validity of this approach rely on the availability of a large time series
dimension in the data.

The DFE estimator restricts not only the coefficient of the cointegrating vector to be identical
across all panels in the LR, but also the speed of adjustment coefficient and the SR
coefficients. The DFE allows panel-specific intercepts and calculates the standard error
allowing the intragroup correlation. The DFE models are subject to a simultaneous equation
bias from the endogeneity between the error term and the lagged dependent variable (Baltagi
et al., 2000).

Suggested by Pesaran et al. (1997), the PMG aims at detecting the LR and SR association
between variables while taking into account possible heterogeneity across countries. It
combines both pooling and averaging of coefficients. It also allows the intercept, the SR
coefficients and the error variances to vary across the units, while constraining the LR
coefficients to be equal across countries. The PMG requires large T and large N to avoid the
bias in the average estimators.

The practice of estimating ECMs in the context of cross-section independence of the panel
data induces the estimation of the three models DFE, MG and PMG (Blackburne & Frank,
2007) because a priori, the hypothesis that holds on coefficients of the model is unknown.
The model, between the three, that best suits the data is thus selected post estimation applying
the Hausman test.
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3. Regression results
3.1 Model selection

Table 4 provides the regression results of the three models. The EC part includes the LR
elasticities and the SR part includes both the SR elasticities and the speed of adjustment.

TABLE 4
DFE, PMG and MG model selection
DFE PMG MG
) @ ©)
Dependent variable: ha
EC
gdp 0.1970%**  0.1149%%*  0.4219
cfe 0.0961 0.0644%**  -0.3757
oop -0.0472 0.0160* 0.1523
pop65 0.2747 0.0612 -9.7011
popu5 -0.1123 0.4922%*% .0 AT35%*
urb 1.0478%+*  1.0243*** -24.5040%*
SR
ec -0.2627%**  -0.5466%**  -1.0800%**
d.gdp 0.0847* 0.1869 0.4593*
d.consf -0.0241* 0.0009 0.2293
d.oop 0.0796* 0.0611 0.1812%*
d.pop65 0.151 2.7801**  13.7843%*
d.popu5 -0.0123 -6.1638 -5.8649
d.urb 1.4560%* 1.3458 31.5838
_cons -1.7080%** -4.0938%** 50.6725%**
Source: Estimation legend: * p<0.10; ** p<0.05; *** p<0.01

Estimations were carried out using data in logarithmic form.

The regression results show that the LR elasticities are statistically significant for our
variables of interest only in the PMG model. These elasticities are significant for GDP only in
the DFE while for the MG they are all insignificant. The Hausman tests for model selection
supports the choice of the PMG model, since they provide the p-value of 0.4419 (test against
MG) and the p-value of zero (test against DFE) supporting the choice of the model. Thus the
PMG suits the data best and is used as a reference model. When LR coefficients are the same
but SR coefficients are different, the PMG estimator constraints are met for it to produce
efficient and consistent estimators (Blackburne & Frank, 2007). In the context of African
countries, the suitability of PMG can be justified in that these countries are engaged in
common international and local programmes to combat health threats (HIV, tuberculosis,
malaria), to achieve MDG and SDG objectives for health, such that they are trending together
(common LR effect). They might, however, achieve these objectives at a different pace (SR
effect) given their different characteristics and approaches to dealing with issues of access to
healthcare.

11
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3.2 Global and income class specific estimates

This subsection presents the regression results from the “global” model as well as from the
income class specifications. The income class specifications results are presented in order to
assess the robustness of the results from the main model. That is, it is assumed that aside
from the identified factors, access to healthcare could also be influenced by other features of
countries’ macroeconomic environments such as income levels. One reason for suggesting
that a country’s income class may matter is that a change in income should affect these
groups of countries differently. Hence, regressions by the country’s income classes have been
carried out. The selected countries include 17 LIC, 13 LMIC and 7 UMIC. Table 5 presents
LR homogeneous regression coefficients (“global” and by income class, that is, LIC, LMIC
and UMIC). The SR coefficients that differ across countries according to models assumptions
are in Appendices 7-10.

TABLE 5
Global and Income class specific PMG long-run estimates
Variables GLOBAL LIC LMIC TUMIC
(1) 2 €) 4)
Dependent variable: ha
Ec
gdp 0.1149%%*  (3376%*%* (H16TH** () 5597%**
cfc  0.0644%%%  0.0634*%*  0.0256 0.5240%**
oop 0.0160% 0.0097*4* _Q2457%%* () 1T708%**
popss  0.0612 -1.0278*** (02226 0.14071 %**
popus  0.4922%** 03887%* -1.1067¥** _00323%**
urb  1.0243%%* 0 Q865¥** (04952 -0.8459%**
Source: Estimation legend: * p<0.10; ** p<0.05; *** p<0.01

Estimations were carried out using data in logarithmic form.

Long-run estimates

Table 5 shows that in the “global” specification, the LR elasticities of the main variables are
statistically significant at all levels. The income elasticity of 0.1149 shows that in the LR, a
1% increase in GDP per capita increases access to healthcare by 0.1149 percentage points,
other things remaining the same, while the CFC variable indicates that a 1% increase in fuel
consumption increases access to healthcare by 0.0644 percentage points. This model also
shows that three control variables have significant LR elasticities: the URB and the POPUS5 at
all levels of significance and the OOP at a 10% level of significance.

In income class specifications, only the LR income elasticity is consistently significant across
all the specifications as in the global model. However, income impacts differently on access
across different income groups, with the highest impact in the LMIC (0.6167) and the lowest
in the LIC (0.3376). In income classes, the LR income elasticities of access are positive as in
the “global” model, although its magnitude differs from one group to another: 0.3376 for
LIC, 0.5597 for UMIC, and 0.6167 LMIC. The LR CFC elasticity is statistically significant
only in the LIC and the UMIC specifications. It is worth noting that an income elasticity of
0.1149 in the “global” model is closer to the one from the LIC group than any other income
class, probably because of more LICs in the sample (17 countries precisely).

12
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Short-run or country-specific estimates

Short-run coefficients are presented in Appendices 7-10. Considering significance levels of
1% and 5%, the “global” model (Appendix 7) suggests that income (GDP) is a strong
determinant of access to healthcare with the expected sign only for a few countries, notably,
Congo Republic, Mali, Mauritius, Morocco and Seychelles. The income elasticity of access
to healthcare varies from 0.4929 percentage points in Seychelles to 2.5079 percentage points
in Congo Republic. Unexpected negative effects of income on access are observed in
Burundi, Ghana and Mozambique, and a possible explanation for this observation is provided
in the discussion section. Results in the SR are also different from those in the LR for fuel
consumption (CFC), which had negative and significant effects for four countries (at 1% and
5% significant level), except in Angola.

4. Discussion of the results

This paper set out to identify demand-side determinants of access to healthcare in Africa and
to estimate the SR and LR effects of these determinants. The scant evidence on demand-side
factors, the recent and increasing interest in these factors by researchers and policy makers,
the underutilisation of available facilities (Enyioko & Samuel, 2012), and the need to expand
healthcare coverage (Harris, et al., 2011) motivated this analysis. On the basis of the theory
and literature, the study identified income (GDP) and distance to health facilities (additional
cost of accessing healthcare) as the main determinants of access to healthcare, with the health
system, structure of the population, and environment, as control variables. SR and LR effects
of these variables on access to healthcare were analysed by applying a PMG model on these
variables. Data for 37 African countries spanning the period 1995-2012 for these variables
were collected from the World Health Organisation (WHQO), World Development Indicators
(WDI) and U.S. Energy Information Administration (EIA) online databases.

The study found that income is the strongest LR determinant of access to healthcare in Africa
with a common income elasticity of 0.1149. The evidence of income elasticity being less than
1 implied also that access to healthcare is a necessity. The study found further that the
distance to health facilities, measured by the volume of fuel consumption (CFC) was
positively associated with access to healthcare in the LR with a coefficient of 0.0644. This
finding is unexpected in case the volume of fuel consumption is a result of more distances
travelled. However, this result can be expected in case more fuel consumption is a result of
more commuting, which might ease access and reduce transport fares as a result of
competition. The interpretation of the result in this manner remains only valid inasmuch as
more access to transport services more generally translates into easiness of access to transport
services towards healthcare facilities.

The plausibility of the latter explanation can indeed be argued in terms of the fact that the
transport sector is one of the most lucrative sectors in Africa. Over time, the investments in
the sector might have contributed to an increase in transport services more generally, which
in tum increased access to healthcare services.

Unlike LR effects of income in the “global” and income class models, the SR (country-
specific) effects of income was not very significant. Of the 37 countries covered by the study,
SR income effects were significant only in five countries, notably Seychelles, Mali,
Mauritius, Morocco and Congo Republic. Income elasticity ranged from 0.4929 in Seychelles
to 2.5079 in Congo Republic. Unexpected findings in the SR included a negative effect of
income on access in some countries. While this result is difficult to explain theoretically, in
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the context of healthcare, health outcomes such as seriousness of illness and the high burden
of diseases among under-five children might drive the necessity to seek healthcare,
overshadowing the effect of income. In fact, the lower the income people have, the more they
suffer from these health outcomes from time to time, and the more they see the need to get to
facilities, achieving access through means such as selling the few assets they have or by
borrowing. Another explanation might be that in some countries, higher incomes might imply
better living conditions, better health status and limited need to access healthcare. Results in
the SR are also different from those in the LR for CFC, which had negative and significant
effects for four countries (at 1% and 5% significant level), except in Angola. The result in
Angola could be justified by the high level of subsidisation of fuel consumption in this
country (International Monetary Fund (IMF), 2013).

Our results were similar to results obtained in previous studies. For instance, our LR
estimates of income elasticity of 0.1149 in Africa resembled the result of a pioneering study
by Newhouse (1977) analysing medical expenditure in the United States, which also reported
a positive estimate (0.14) of income elasticity for health expenditure. More recently, other
studies reported the income elasticity for healthcare access of 0.112 and 0.122 (Kumagai,
2005; Farag, et al., 2012). With respect to income elasticity for healthcare access or usage,
the question has been whether healthcare is a luxury good (elasticity >1) or a necessity good
(elasticity <1). In line with most findings in this area, our study found that healthcare was a
necessity in Africa. Furthermore, even if the distance to health facilities appeared in an
unexpected manner to increase access to healthcare, this result is consistent with the findings
from some studies (Heller, 1982; Akin et al., 1986). The unexpected result finds explanation
in the possibility that higher volume of fuel might be a result of more transport (quantity
rather than the price of fuel). Higher availability of transport services because of competition
might lower the costs of transport and increase access. This is a possibility given the fact that
the transport sector is lucrative in Africa. It is, however, worth acknowledging that many
studies (Okwaraji et al., 2012; Syed et al., 2013; Okwaraji et al., 2015) found negative effects
resulting from the distance to health facilities on access to healthcare. The finding in SR
estimates that income is negatively associated with access is also not unique to this study.
Clavero and Gonzélez (2005) arrived at the same finding in analysing access to healthcare
where access to health care was proxied by the number of general practitioners.

While the results of this study conform to the previous literature, this study showed that the
SR effects of various variables might not be the same as their LR effects. Not only does it
show that long-run average elasticities for access to healthcare are common for African
countries in the study, but it also hints at the fact that this evidence can mask some country-
specific realities about access. Specifically, the study revealed evidence that although
variables might have common effects in the LR in countries covered by the study, the effects
of these variables might vary from one country to another in Africa. This contribution to the
literature stemmed from the use of the PMG estimator in the context of panel data that
allowed the estimation of LR common effects coefficients and SR country-specific
coefficients. Another contribution of the study was the use of a composite index to measure
access to healthcare and analysing its determinants from the demand-side perspective. Other
studies in the literature either focused on supply-side factors of access, did not use the
composite indicators (Drabo & Ebeke, 2011; Belasco et al., 2012; Sato, 2012; Wouterse &
Tankari, 2015) or did not use an estimation technique that produces both SR and LR
estimates.
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The findings from this study have significant policy implications. On the one hand, policy
makers, whether at an international level or at a country level, should consider income-related
policies or policies targeting other significant variables found in this study as the policies
most likely to improve access to healthcare in the long run. On the other hand, they should
take cognisance of the fact that African countries respond differently to shocks and that
policies that produce effects in the LR might have limited effects in the short run, requiring
some mitigation of SR policies.

A word of caution on the conclusions reached by this study is in order. The variables used in
this study were limited to the variables for which data were available. For example, a
theoretically important variable, the price of healthcare, was not available. This price could
not be proxied by the consumer price index because the cost of healthcare is usually free for
patients using public facilities in Africa. Patients only pay for transport costs and other non-
medical costs while accessing healthcare. The assumption adopted by this study that the costs
of transport to health facilities would act as proxy for the DHS could not result in the
theoretically expected effect of cost of healthcare on access to healthcare in many countries.
The study refers for future investigation the question of how best to measure the price of
healthcare and the DHS at a macro level.

Summary

This study identified the determinants of access to healthcare and produced SR and LR
estimates using a PMG estimator in the context of panel ARDL. The study found that LR
effects (common effects) were different from SR effects (country-specific effects) and that
income was the strongest determinant of access to healthcare. The study found further that
access to healthcare remained a necessity in Africa. As an implication, due care should be
taken to account for SR country-specific effects while formulating polices targeting
improvement of access to healthcare in the LR.
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l. APPENDICES

Appendix 1. Descriptive statistics of variables, 1995-2012

Variable Mean Std. Dev. Min Max  Dbservations

In_ha overall -1.4762 04104 -2.8235 -0.5518 N= 666
between 0.3704 -2.2467 -0.6595 n= 37
within 0.1864 -2.4564 -08492 T= 18

In gdp overall 6.6882 1.1148 4 8481 96222 N= 666
between 1.1080 5.0234 93553 n= 37
within 02157 4.3993 75024 T= 18

In_consf overall 1.5641 1.5578 -1.1712 53486 N= 666
between 1.5385 -0.8764 51046 n= 37
within 03469 0.2888 26995 T= 18

In oop overall 3.5373 0.6349 0.9083 43933 N= 666
between 0.5980 21286 42707 n= 37
within 0.2337 22737 43013 T= 18

In popH3 overall 1.1982 02718 0.8020 21258 N= 666
between 0.2680 0.8998 20344 n= 37
within 0.0622 09681 14763 T= 18

In_popus overall 2.7424 0.2413 1.7647 3.0297 N= 666
between 0.2369 20335 30231 n= 37
within 0.0598 23981 29954 T= 18

In wb overall 35180 0.4661 1.9755 42322 N= 666
between 04642 21985 41345 n= 37
within 0.0852 29478 39152 T= 18

Source: author compilation

Appendix 2. Level and first-differenced graphs of variable of interest

African countries, 1995 - 2012
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Source: computed by author using data from WHO, WDI and US EL4
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Appendix 3. Global sample correlation matrix

In_ha In_gdp In_consf In_oop In_pop65 In_popu5 In_urb
In ha 1
In_gdp 0.6253%* 1
In_consf 0.3296* 0.2896* 1
In_oop -0.4664%  -0.4144* -0.0602 1
In_popé63 0.4963% 0.6119% 0.2361% -0.2366% 1
In_popu5 -0.6857%  -0.7161%  -0.3904* 0.3431% -0.8514* 1
In_urb 0.4138% 0.6456* 0.3873%* -0.1236* 0.4635% -0.4914%* 1
Source: Estimation legend: * p<0.01
Appendix 4. LIC correlation matrix
In ha In gdp In consf In oop In pop65 In popusS In urb
In_ha 1
In gdp -0.0641 1
In consf 0.1700% 0.2536% 1
In_oop -0.2971* 0.2904* -0.1382* 1
In_pop65 -0.268% -0.0703 -0.0556 -0.0351 1
In_popu5 -0.3654% 0.0440 -0.2303* 0.1685* -0.2533* 1
In urb 0.0870 0.7204* 0.1481* 0.0626 0.2091* -0.1320% 1
Source: Estimation legend: *p<0.0]
Appendix 5. UMIC correlation matrix
In_ha In_gdp In_consf In_oop In_popé65 In_popus In_urb
In_ha 1
In_gdp 0.6859* 1
In consf 0.1945% 0.1280 1
In oop -0.3933%  -0.3767% 0.2055% 1
In_pop65 0.6161* 0.5873% 0.3861* -0.0666 1
In_popu5 -0.6744*  -0.5791%  -0.4636%* 0.1031 -0.8604* 1
In urb 0.1572% 0.1586* 0.1507* 0.2332% 0.4896* -0.3113* 1
Source: Estimation legend: *p<0.01
Appendix 6. LMIC correlation matrix
In_ha In_gdp In_consf In_oop In pop65 In popus In_urb
In_ha 1
In gdp 0.7856% 1
In const 0.1296 -0.3535% 1
In_oop -0.3825% -0.6256% 0.0454 1
In_pop65 0.6177* 0.7567* -0.3624% -0.1161 1
In_popus -0.7046* -0.7009* 0.1812 0.1205 -0.8885% 1
In_urb 0.5930* 0.4275% 0.4955% -0.5102% 0.2200% -0.4080%* 1

Source: Estimation

legend: * p<0.01
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Appendix 7. Global country short-run estimates

Country Dn gdp DUn cfc  Din oop D.n popfED.n popuf D.n urh COns
1 |Algeria 1 0.0072 5 -6.4000%*
2 |Angola D.4257%%=
3 |Benin - 0.0029
4 |Botzwana 0.1 0.10013%=
5 |Burkina Fazo 3147 0.
& |Burundi 0.0150 0.0571
7 |Cabe Verds 02304 00183 00476
3 |Cameroon 00797 () 4005%%2 7.9072==
¢ |Central African Republic -0.2184 -5.3486
10 (Chad 04209 0.7012
11 |Congo, Rep. 0.0378 45 8024
12 |Cate dTvoire 0.0010 0.8411*
13 |Dem. Rep. of Congo 0.3186 26.2859
14 |Egypt. Arab Rep. : 07

[l T T e T e T e T e e Y e R e N e e Y e T e I S

13 |Equatorial Guinsa 137416

16 |Ethiopia 04183

17 |Gambia, The 08707

13 |Ghana -4.787%

14 |Kenya -1.3602

20 | Madagascar 11.6418

21 | Malawi 13%

22 |Mahi -0 !

23 | Mauritania -0

24 | Mauritins -

23 |Moroceo -0

26 |Mozambique -1

27 |Miger -0

28 |Migeria -0 .

29 |Rwanda -0 -1

30 [Senegal 000943 0.

31 |Seychelles 000133 0. 43

32 [South Africa -0.4863%=*= 0.2071 0271 09

33 |Sudan 12256%=*= (.4133 -0.1104 05

34 |Swaziland 0.0329 1.0639 -0.1456 00

35 |Tanzama 0.8877=== 21771 -0.4013 1.984

36 |Toge 0.5625%== (.0382 -0.0190

37 [Zambia 0.2334 0216 -0.1525%

Sowrce: Estimation

Appendice 8. LIC Specific short-run estimates

Country ec D.n gdp D.ln_cfc D.ln_oop D.ln_pop63D.ln_popusd D.ln_urb cons

1 |Benin -0.5854*  0.9506 0.0128 -0.0123 0.0569 5.3839 38.3974  -2.3554%
2 |Burkina Faso -0.3054 -3.8110 0.3201 -0.9764 -15.7663  -44.5017  -3.3841 -1.2405
3 |Burundi -0.7581%* -0.5925 -0.0551 0.0909 -0.7038 3.9394 -44.6804** -1.1922
4 |Central African Republic -0.3729%  0.8261 -0.2232 0.0023 36.8838  -6.1357 263786  -1.2793
5 |Chad -0.7237%*%  -0.1463 0.3745 0.5510 -3.9944 263179 117.0523  -3.2288**
6 |Dem. Rep. of Congo -0.3398%* -0.0919 0.3628 0.0920 2.0784 -35.9233  65.6264%F -2.5021**
7 |Ethiopia -0.1596*  0.1332 -0.1129*  -0.0548 -0.4971 -2.0803 6.0606%*  -0.6740*
8 |Gambia, The -0.4096%*  0.2064 -0.1635%*% 0.1012*  0.6963 -3.0078 1.3650 -1.3548*+*
9 |Kenya -0.8446%** 0.8833 0.0431 -0.0414 1.0460 -1.5001 28.4482  -3.5229%
10 |Madagascar -0.6976** 0.0804 0.1307 0.2359 -12.9006* -16.3024** 7.7848 -2.7121%%*
11 [Malawi -0.8913%** .1.1886 0.0574 0.0418 8.9535%  7.2726 4.5883 -2.7844%*
12 |Mali -0.4109%4* 1.0287*** (.0533 0.4496%** -8 3756%** 30 7560%* -1.5755 -1.4136%%*
13 |Mozambique -1.1146%%F _0.2773F* 0.0616%* 0.0096 5.2010%¥% §.6806%** -2.700Tkk* 3 6871FF*
14 |Niger -0.1944 0.2594 -0.0557 0.2082 -3.9446 -11.9190  13.8044  -0.8003
15 |Rwanda -1.3950%** -1 6083** -0.0902 0.0533 -1.7644 -0.1874 2.7679 -4.6259%%
16 |Tanzania -0.7181** 1.8310 -0.1271 -0.0163 18.0217 -2.3959 23.6639 -3.2412%%
17 [Togo -0.3968**%* (.0340 -0.0143 -0.0288 1.9296 -0.1579 -64.0755%* -0.2266

Source: Estimation

legend: * p<0.10; ** p<0.05; *** p<0.0]
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Country ec Din gdp D.ln c¢fc D.ln_oop D.ln _pop65D.ln_popusS D.ln_urb cons

1 |Cabo Verde -0.4278%*  0.0202 -0.3353**% 0.1107*  7.8977** 11.9033* 23.89040  -2.0989

2 |Cameroon -0.3500%*% -0.7417 -0.0699%*  (0.4788%** -63175* 5.0559*  -10.9023 -1.1003

3 |Congo, Rep. -0.6476%*  3.4031%*  0.2008 -0.0841 20.3468  16.1899  92.9080  -3.2256

4 |Céte d'Ivoire -1.0178**+* 0.8889*  0.0318 0.2607 20.1486*  -14.0985%% 113.1058* -5.2570

5 |Egypt. Arab Rep. 0.4350*  0.3038 0.1547 -0.4967**  3.7303*  1.6092 -27.4440** 1.8175

6 |Ghana -0.9260%*** -1 4587** 0.0136 0.1325 7.4318 -12.6727  43.1780% -4.2224

7 |Mauritania -0.5071*  0.2485 -0.0378 -0.0375 -18.7785  -85.6131 6.5149 -2.6374

8 |Morocco -0.5108*** 0.0634 0.0355 0.4488%#* 7.8833%* 1.7476*  2.3801 -2.4029

9 |Nigeria -0.7764*  0.8182 -0.2041 0.9096 6.4661 35.4624  -10.4363  -2.8866

10 |Senegal 0.0027 0.7237 0.0271 0.3463%*%* 33751 24.0208** -63.8535 0.3677

11 [Sudan -1.4117%%* -0.4240 -0.0681 0.0485 -13.1869  -25.5016%*'-5.0451 -4.9386

12 |Swaziland -0.7467*¥* 02302 -0.1238%*  0.0852%  -2.4446 -1.4864*  -3.2040 -3.0915

13 |Zambia -0.0990 -0.3349 -0.1586 -0.0578 17.7202*%*% -6.7238 -2.8106%  -0.2435
Source: Estimarion legend: * p<0.10; ** p=<0.05; *** p<(0.0]
Appendix 10. UMIC Specific short-run estimates

Country ec D.ln_ gdp D.n cfc D.ln_cop D.ln_pop65D.In_popus D.ln_urb cons

1 |Algeria -0.3533 -1.2941%*  -0.0219 -0.0594 5.4089*  -1.1383** -62.8304* -1.0864
2 |Angola -0.8931%%* 0.2716 0.2468 0.3899%¥* 357614* -11.1489 142.5399 -7.2848
3 |Botswana -0.4174 -0.0344 -0.1327 -0.0923*%* .5.4111* -3.8651 -6.3045 -1.4638
4 |Mauritius -0.1612 0.9704*  -0.0136 0.1221 -1.6636 -1.0615 -4.1728 -0.6673
5 |Seychelles -0.0783 0.4874%** .0.0122 -0.0965%  1.9513%** _(.4383 -3.3733 -0.3135
6 |South Africa -0.6798%** -0.6958 -0.2205 0.0576 1.2296 -2.7514 15.6348  -3.7239

Source: Estimation

legend: * p<0.10; ** p<(.05; *** p<0.0]
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