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Abstract
Air pollution is projected to be higher in low-income countries most of which are in sub-Sahara Africa (SSA) than
other parts of the world; yet not many studies provide evidence relating air pollution with health condition in the
region. This paper contributes to empirical literature evidence in this regard by examining the effect of air pollution
measured using Carbon dioxide emission (CO2) on life expectancy and infant mortality rates in the SSA region.
The Fixed and Random effects model were fitted to a panel of 44 countries from the period 1960 to 2017. The
results suggest that poor air quality contributes to existing low health status in SSA inducing a fall in life
expectancy and rise in infant mortality rates. The evidence showed that a 1% increase in CO2 emission leads to a
fall in life expectancy at birth by approximately 1.5 years and increase in infant death by about 0.1 %. Findings
indicate that existing poor health outcome in SSA are connected to poor air quality. In the bid to achieve the
Sustainable Development Goal (SDG) on health, there is need for governments in the region to focus on reducing
air pollution, particularly in achieving significant fall in infant deaths and improvements in life span.
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1. Background
Energy use is vital for achieving economic growth through the workings of the industrial sector. Ironically, the
use of energy inevitably produces toxic substances that are harmful to the environment and human health (Zerbo
2015). This specifically relates with poor air quality associated with emissions from non-clean energy sources. For
instance, emissions from residential energy use, constitute serious health problems in China and India. In some
other places like the United States, emissions from traffic and power generation are quite hazardous (Lelieveld et
al. 2015). The effect of air pollution is expected to rise more dramatically in less developed economies where there
is poor management of policies to curb emissions. From the recent global burden of disease modeling, the effects
are projected to be higher in low-income countries most of which are in sub-Sahara Africa (SSA) than other parts
of the world (Landrigan et al 2018).
In terms of the effect of air quality on health status, empirical findings show evidence of an inverse
relationship. In India, the emission of carbon dioxide (CO2), Sulphur dioxide (SO2) and nitrogen oxide (NO)
induced illnesses such as chronic bronchitis, respiratory problem, asthma and cardiovascular diseases
(Mukhopadhyaya & Forssellb 2005). There are also indications that air pollution is a significant cause of premature
mortality (Lelieveld et al. 2015). Estimates show that outdoor air pollution can induce as much as about 3.3 million
premature deaths per year (Lelieveld et al. 2015). Findings by Li et al. (2015) also showed that outdoor activity
may not improve health where exercise takes place in areas with high air pollution levels. Persons who exercise in
highly polluted areas rather than have improved health conditions, experience high risk of health problems, such
as asthma, heart and lung pathologies. In China, Zang et al (2015) associated air quality with subjective well-being
by inducing shorter-term hedonic happiness and increase in the rate of depressive symptoms. Sustained exposure
to air pollution is also a cause of shorter life span, particularly in connection with mortality from cardiorespiratory
illness (Ebenstein et al. 2017). Nakao et al. (2017) provides similar evidence showing that air pollution from coal
results to a deterioration of health-related quality of life (HR-Qol) for Mongolian adults in Ulaanbaatar. Liu et al
(2018) provides similar evidence showing adverse effect of air pollution on public health in China.
Where individuals are exposed to air pollution, the effects are not only seen on poor health conditions but
also on reduced productivity of labour which further worsens payment ability for failing health condition. (Pitt et
al. 2006). In Chile, Montt (2018) suggests that air pollution contributes not only to a fall in labour activity but
also to gender difference in labour supply. It induces significant reduction in working hours of women especially
for those with children. Recent finding by Qi et a.l (2018) showed that aside inducing significant increase in the
likelihood of being diagnosed with respiratory and cardiovascular diseases, poor air quality also has significant
adverse impact on cognitive abilities, including short-term memory and mathematical reasoning.
In Thailand, evidence shows that improvement in air quality translates to better health. It was shown that a
20% fall in ambient air pollution, reduced annual mortality particularly related to respiratory and cardiovascular
illnesses by as much as about 25% (Pinichka et al. 2017). Findings for developed countries like the United States
also showed improvements in health with a fall in air pollution (Correia et al. 2013)
Aside the rise in illness prevalence, poor air quality also raises health spending. Evidence provided by Romley
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et al. (2010) showed that poor air quality raises direct health care costs resulting from complications and also
imposes substantial burden on both public and private health insurers mainly in developed economies (Romley et
al. 2010. Given the various forms of air pollution, it is shown that the cost burden of health in association with
CO2 is highest (Yahaya 2016). This is suggestive of more harmful effects of CO2 emission in comparison to other
forms of air pollution.
In examining the effect of air pollution on health outcome, various methods have been applied in the literature.
Differences in methods used often follows from the type of data adopted. Panel data studies for instance, commonly
make use of the fixed and random effects model. The Fixed and Random effects model were used by Ozdamar
(2018) in examining health status and air quality in Europe. Zang et al. (2015) also made use of the fixed effect
model to examine the impact of air quality on subjective well-being using survey data for 162 counties in China.
Montt (2018) also made use of the fixed effect model to examine the effect of air pollution on labour supply across
gender using quarterly employment survey data between 1997 and 2016 in Chile. The fixed effect model controls
for time invariant sample unobservable determinants of health outcomes. It accounts for bias that would result in
study findings due to intrinsic differences in selected countries or cross sections such as climatic conditions, genetic
composition of the population, health related behavior, policies and institutions. These variables are generally
constant over time but vary across cross sections (Wooldridge, 2002; Plumper and Neumayer 2013; Maisonneuve
et al. 2017). The fixed effect model can be used to control for endogeneity in panel data due to a time-invariant
omitted variable (Cameron and Trivedi, 2005). The specification assumes that there is no correlation across any
error terms. Sometimes, year dummies are introduced into the fixed effect model to capture trends and year specific
shocks such as drought, epidemic conditions, among others (Rajkumar & Swaroop 2008; Farag et al. 2013) The
random effect model on the other hand allows for correlation across the error terms for each country in a panel
data analysis. In this case, the individual effects are conceptualized as uncorrelated with the time variant predictor
variables in the model and hence there are no concerns for endogeneity issues (Baltagi et al. 2007; Rajkumar &
Swaroop 2008). Choice of the most appropriate approach is determined using the Hausman specification test
(Hausman 1978). Where there is no spatial serial dependence of the error terms, the random effect estimation is
considered more appropriate otherwise the fixed effect model is preferred. (Baltagi et al. 2007).
Analytical techniques used for country specific studies generally differ from those applied for panel data
analysis. For instance, in examining the impact of indoor air pollution on health outcome and cognitive abilities,
Qi et al. (2018) made use of the propensity score matching that enables examining the likelihood of occurrence of
health problems from exposure to air pollution in China. The propensity score matching usually incorporates a
control and treatment group. Where the later are persons exposed to poor air quality. Using similar data set, Correia
et al. (2013) made use of the first-difference linear regression models to examine the effect of air pollution control
on life expectancy in the United States. Use of this technique is most appropriate for studies with small time points.
This study covered 545 counties in the United States with separate analysis for each country. Using data for the
periods 2000 to 2007, Nakao et al. (2017) made use of the logistic regression to examine the effect of air pollution
on health-related quality of life (HR-Qol) of Mongolian adults living in Ulaanbaatar: The logistic regression model
is applied mainly when the dependent variable is dichotomous and the data set is cross sectional. The logistic
regression model was also applied by Liu et al. (2018) in examining the health effects of air pollution in China.
Ebenstein et al. (2017) made use of the Ordinary least square (OLS) regression technique in examining the impact
of sustained exposure to air pollution on life expectancy in China. The OLS is usually applied where the dependent
variable is continuous and the data set follows specific assumption for an OLS technique (Gujarati 2004).
Overall, exposure to air pollution constitutes significant health risk for both industrialized and developing
economies. Existing population expansion and urbanization of developing economies as they tread on the path to
development are also suggestive of stronger effects of poor air quality on health and related indices (Mannucci &
Franchini 2017). However, not much empirical evidence is provided for the effect of air pollution in developing
countries such as those in SSA. This particularly, is interesting given poor management of policies to curb emission
in the region. This study is motivated by the paucity of findings on the effect of air pollution on health outcome in
SSA region and seeks to provide empirical evidence in this regard.
2. Methodology
2.1 Data and variables
The study pooled cross-section and annual time series data from 1960 to 2017 for 44 countries in SSA. The data
used in the empirical analysis were sourced from the World Development Indicators (WDI) data set provided by
the World Bank (World Bank 2018).
The study measures outdoor air pollution using carbon dioxide (CO2) emission in kilotons. The choice of CO2
follows from availability of data for a panel data study of this type and suggestive strong effects on health indicators
(Yahaya 2016). Health status indicators are captured using life expectancy at birth and infant mortality rate. Life
expectancy at birth and infant mortality are used as measures of health mainly because long-term improvements
in the health status of a population are best reflected in infant mortality and life expectancy rates. In addition,
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improvements in health are commonly deciphered in longer years of life and fall in infant death (Gupta & Mitre
2004). Life expectancy at birth was measured in years as total life expectancy in years and infant mortality rate in
per 1,000 live births.
Specific variables that are considered vital for modelling population health status includes; age, sex,
hereditary factors, lifestyle, social and community influences, living and working condition, socio-economic
factors, cultural and environmental conditions (Dahlgren & Whitehead 1991). However, difficulty in measurement
and obtaining data for some of the variables, limits predictors of health used in this study to living and working
conditions using income as a proxy, literacy rate and labor force participation to capture social and community
influences. Literacy rate was examined separately for males and females. This is to further capture cultural
characteristics that sometimes reflect in differences in male and female education. Fertility rate is used as a proxy
for cultural factors while environmental conditions are captured using CO2 as a measure of air quality.
2.2 The model
In line with most panel data studies, this study made use of a standard panel regression approach using the fixed
and random effects model to fit the data set. The general specification for the model is stated as:
=
+
+ +
(1)
is the value of the dependent variable for the ℎ case in the sample at the ℎ time period,
is
Where
the vector of time-varying covariates for the ℎ at the ℎ time period,
is the row vector of coefficients that
give the impact of on
at time t , is the vector of observed time-invariant covariates for the i th case with
its row vector of coefficients at time t.
is a scalar of all other latent time-invariant variables that influence
( )=
, and is the random disturbance for the ℎ case at the ℎ time period with ( ) = 0
For the fixed effects model, it is assumed that the time invariant unit specific effect is correlated with the time
variant explanatory variables
while the random effects model assumes that the time invariant unit specific
effect is uncorrelated with the time variant explanatory variables
(Bollen and Brand 2008).
The fixed and random effects model were fitted to the model specification for life expectancy and infant
mortality. The econometric model estimated for life expectancy and infant mortality is specified as:
=∝" +∝ #$% +∝& #'() +∝* +,- +∝. /,- + ∝0 ,1 + + ∝2 +- +
(2)
#3 1/4- = 5" + 5 #$% + 5& #'() + 5* +,- + 5. /,- + 50 ,1 + 52 +- +
(3)
Where i = 1… N denotes a cross-section index of countries, t = 1,…, T denotes the time-series index. The
dependent variable in Equation (2)
, is life expectancy at birth and in equation (3) 3 1/4- , is infant
mortality per 1,000 live births measured in natural logarithm. #$% , is air pollution expressed as natural
logarithms of carbon emission. #' , is the logarithmic value of real GDP. +,-, is female literacy rate as a
percentage of females ages 15 and above. /,-, represents male literacy rate as a percentage of males ages 15 and
above. ,1 , is labour force participation as a percentage of total population ages 15 and above while +- represents
total fertility rate (births per woman).
The expected signs of the parameters in equation 3 are: ∝" ≠ 0; ∝ < 0; ∝& > 0; ∝* > 0; ∝. > 0; ∝0 > 0; ∝2 <
0;
;< 4 4: 5" ≠ 0; 5 > 0; 5& < 0; 5* < 0; 5. < 0; 50 < 0; 52 > 0;. The estimated coefficients of
variables expressed as natural logarithms are interpreted in percentage values. Infant mortality rate is logged in
order to normalize the data. This is because the histogram for infant mortality is slightly skewed to the right1.
Carbon emission and GDP are also logged as their log value gives better result in terms of expected sign and
reduces the magnitude of the coefficient making it easy for interpretation especially for GDP. The other
independent variables are not logged as they are already in percentage values except for fertility rate.
The study estimates the Random effects model using the Generalized Least Squares (GLS) while fixed effects
model was estimated as a within regression using ordinary least squares. The choice of the model that best suits
the data is carried out using the Hausman specification. Stata statistical software package was used in the analysis.
3. Results
Table 1 presents descriptive statistics for the variables used in the study. The figures from the table shows that in
SSA average life expectancy is approximately 51 years. Infant deaths per 1,000 live births had a mean of about 95.

1

See appendix for histogram,
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Table 1 Descriptive statistics

Source: Authors’ computation from WDI (2018)
Emissions of CO2 is approximately 9,602 kilotons. Figures for real GDP show an average value of about US
$17.3 billion. While the proportion of females aged 15 and above who are literate are about 49% on average, that
for males are approximately 65%. Labor force participation rate is estimated to be approximately 69% and the
number of births per woman is 6 on the average.
Results for the effect of CO2 emission on health status are reported in Tables 2 and 3 for life expectancy at
birth and infant mortality rate respectively. While the results favored the fixed effect model for the life expectancy
analysis and random effects for infant mortality, findings for both the fixed and random effect models were
reported for comparison purposes and to allow for robustness of results.
Table 2 Effects of air pollution on life expectancy at birth (years)
Variables
Fixed effects within regression GLS-random effects model
model
-1.4906**
-1.5594**
@ABCD
(0.7824)
(0.7546)
@AEFG
0.7417
0.8271
(0.8732)
(0.8445)
-0.1482***
-0.1443***
HIJ
(0.0542)
(0.053)
0.16***
0.1503***
KIJ
(0.0596)
(0.0581)
-0.0339
-0.036
IHL
(0.0402)
(0.0388)
-3.4456***
-3.8854***
HJ
(0.6008)
(0.5608)
MNOPQROQ
67.8383***
69.204***
(13.4837)
(13.1168)
R-squared
within = 0.3794
within = 0.3773
between = 0.5251
between = 0.5524
overall = 0.4401
overall = 0.4451
F-Stat. F(6,111)
11.31***
na
Wald chi2(6)
Na
99.41***
Observations
141
141
Number of groups
24
24
Hausman tests statistic
0.0586***
Note: ***significant at 1%; **significant at 5%; *significant at 10%. Standard error-statistics are reported in
parenthesis. na: Not applicable
As expected, table 2 shows that increase in CO2 emission (in kilotons) reduces life expectancy at birth at 1%
significance level. A 1% increase in CO2 emission leads to a fall in life expectancy at birth by approximately
1.5 years in the fixed effects model and about 1.6 years in the random effects model. Contrary to expectation,
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findings show that increase in female literacy rate reduces life expectancy at birth at 1% significant level, while
that of males will increase it also at the same level of significance. A 1% increase in female literacy rate leads to
a fall in total life expectancy at birth by approximately 0.2 years in the fixed effects model and about 0.1 years in
the random effects model. On the other hand, a 1% increase in male literacy rate leads to a rise in life expectancy
at birth by approximately 0.2 years in both the fixed and random effects model. Findings for males reflect a rise in
life expectancy with improvements in literacy rate. Results for fertility rate follows expectation showing a fall in
life expectancy at birth with a rise in the number of births per woman at 1% significance level. An increase in
fertility rate by one birth leads to a fall in total life expectancy at birth, by approximately 4 years in the fixed and
random effects model.
In Table 3, the result shows that increase in CO2 emission (in kilotons) leads to a rise in infant deaths at 1%
significance level. A 1% increase in CO2 emission will raise infant mortality rate by approximately 0.1 % in the
fixed and random effects model.
Table 3 Effects of air pollution on infant mortality (per 1000 people)
Variables
Fixed effects within regression GLS-random effects model
model
0.1337***
0.1381***
STUVD
(0.0424)
(0.0404)
-0.1157**
-0.12***
STWXY
(0.0473)
(0.0452)
0.0036
0.0032
Z[\
(0.0029)
(0.0028)
-0.0054*
-0.0048
][\
(0.0032)
(0.0031)
-0.0007
-0.0003
[Z^
(0.0022)
(0.0021)
0.3172***
0.3018***
Z\
(0.0325)
(0.0301)
4.3922***
4.3236***
_`abcdac
(0.7302)
(0.7016)
R-squared
within = 0.6510
within = 0.6506
between = 0.6937
between = 0.7045
overall = 0.6814
overall = 0.6824
F-Stat. F(6,111)
34.51***
Na
Wald chi2(6)
Na
274.12***
Observations
141
141
Number of Groups
24
24
Hausman tests statistic
8.17
Note: ***significant at 1%; **significant at 5%; *significant at 10%. Standard error-statistics are reported in
parenthesis na: Not applicable
The result also shows that increase in real GDP reduces infant mortality rate at 5% and1% significance level
in the fixed and random effects model respectively. A 1% increase in real GDP leads to a fall in infant deaths by
approximately 1% in both models. Similarly, a rise in male literacy rate also reduces infant deaths only in the fixed
effects model and at 10% significance level. A 1% increase in male literacy rate leads to a fall in infant mortality
rate by about 0.005%. The result for fertility rate shows a rise in infant mortality with an increase in the number
of births per woman. Where fertility rate increases by one birth, infant mortality rate will rise by about 0.3% in
both the fixed and random effects model.
4. Discussion
The findings of the study suggest that reducing air pollution remains an important step in improving health
outcomes in SSA. The results show that CO2 emission significantly reduces life expectancy at birth and increases
infant mortality rates in the region. The findings were expected as the toxicity of carbon emission in the
environment and other forms of air pollution have harmful effects on human health. The presence of toxic
substances in the air increases the prevalence of illness particularly respiratory and cardiovascular diseases. The
susceptibility of infants to illness given that they have low health capital stock at very early stages of life increases
the risk of mortality with a rise in air pollution (Grossman 1972 Grossman, 2000). Exposure to pollution also leads
to depreciation in health capital stock even for the adult population which in turn reduces labor productivity and
welfare. The effect in developing economies like SSA are significant given poor performing health system
operations. The result is similar to those of earlier studies showing that air pollution is an important determinant
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of health outcomes (Correia et al. 2013; Lelieveld et al. 2015; Zang et al.2015; Yahaya 2016; Nakao et al.2017;
Ebenstein et al. 2017; Jonson et al. 2017, Pinichka et al. 2017; Qi et al. 2018).
Findings for other predictor variables, show an inverse relationship between female literacy rate and life
expectancy. This result can be associated with the pressure of combining work demands for educated females
alongside with societal demands particularly for married females. On the other hand, findings for males reflecting
positive relationship between literacy rate and life expectancy is expected as more education implies better
involvement in the labor force and hence more income which is essential for male ego and societal acceptance.
Findings showing that reduction in the number of births per woman increases health condition follows from
the fact that it somewhat induces less strain on financial resources to cater for health spending and other basic
needs. Fall in fertility rate frees up resources that can be invested in promoting human and physical capital
automatically translating to improvements in welfare and health (Prettner et al. 2013). Other results showing that
improvements in real macroeconomic income translates to a fall in infant death are suggestive of increased
allocation of health resources with income expansion. Therefore measures seeking to increase macroeconomic
income somewhat achieves improvement in infant health.
In SSA, where health infrastructure is largely underdeveloped, reducing air pollution will be a significant
progress towards improving health outcomes and accelerating progress towards the health-related Sustainable
Development Goals (SDGs). It must be noted that while the findings of the current study provide evidence in
support of reducing carbon emission, measures that promote use of cleaner sources of energy are also
recommended as achieving economic progress to a great extent depends on the use of energy for industrial
operations.
There are some limitations to this study, one of which is that most of the health outcome variables for SSA
did not have enough time series observation which would have improved a panel data study as this one. There are
also data limitation on CO2 emission from different energy sources that would have provided more findings for a
study of this type. The proxies used in measuring health outcomes may not be exhaustive as information such as
morbidity and disability are not captured. While these limitations may be the bases for future research, they do not
invalidate the results of the current study.
5. Conclusion
This study examined the impact of air pollution on health status measured by life expectancy at birth and infant
mortality rate in SSA using the fixed and random effects approach. The results provide evidence that poor air
quality is associated with a significant fall in life expectancy at birth and increase in infant mortality rates. Findings
suggest that the toxicity of carbon emission in the environment have significant harmful effects on human health.
The results also indicate key roles of real income, literacy and fertility rate in advancing health conditions in the
region.
The findings imply that existing poor health outcome in SSA are connected to poor air quality. In the bid to
achieve the Sustainable Development Goal (SDG) on health, there is need for governments in the region to focus
on reducing air pollution particularly with focus on measures that will encourage use of clean energy forms.
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