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Abstract

In response to the imperatives of universal health coverage, structural factors that may hinder the effectiveness

of increased spending in sub-Saharan Africa (SSA) need attention. This study assessed the mediating role of these
factors in domestic general government health expenditure (DGGHE) effects to propose solutions for improving
population health outcomes (PHO). The analysis used the Latent Growth Curve Mediation Model (LGCMM) approach
within the structural equation model (SEM) framework for panel data from 42 SSA countries from 2015 to 2018.

The findings were that malaria and female education formed a channel through which DGGHE imparted its effects
on DALY in SSA, and these effects were achieved via the specific path from the DGGHE slope to the DALY slope,

via malaria and female education slopes. However, the paper found no evidence of immunization coverage mediat-
ing the relationship between DGGHE and DALY in SSA. The paper concludes that structural factors affect the effec-
tiveness of DGGHE on PHO, implying that governments should emphasize existing programs to fight against malaria

and increase immunization coverage.

Highlights

« Sub-Saharan Africa has many mediating factors acting as barriers to the effect of investments in health.

- The Latent Growth Curve Mediation Model is used to assist the understanding of such factors.

« The mediation effect (transmission mechanisms) of these factors must be understood for proper policymaking

in favour of universal health coverage.
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Introduction
Government interventions across countries have wide
implications for people’s lives [86]. Stiglitz’s view of
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government actions reflects the breadth of the debate
over the effects of government decisions, which might
take the form of interventions, such as public health
spending (PHS) [78, 99]. Given the limitations of pro-
gressive taxation in achieving the desired level of income
redistribution [56, 75], governments are increasingly
achieving income redistribution through the expenditure
side of the budget, particularly through social spending,
including health spending [12].
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Public health spending (PHS) is an example of an
intervention targeted at increasing the quality and use
of healthcare services to enhance population health
outcomes (PHO). PHS is an important political tool for
addressing concerns of equity in health care utilization,
ensuring equitable income (re)distribution, reducing
catastrophic health spending, and accelerating progress
toward universal health coverage (UHC) [74, 104]. It also
includes transfers from domestic government revenue,
social insurance contributions, and compulsory prepay-
ments [98].

The health funding needed to develop health is limited
in the SSA region, which records the world’s most acute
health financing gap [87]. The African region accounted
for only 1% of the global health spending in 2015,
accounting for 23% of the global population and 23% of
the disease burden [87]. Moreover, Africa’s per capita
expenditure on healthcare is one-tenth of the global
average [68]. Moreover, the low health funding avail-
able in the region does not achieve the expected health
outcomes [24, 54], as SSA countries are often related to
the waste of health care resources, which impairs health
systems’ ability to deliver high-quality care and enhance
health [27].

The region has experienced poor PHO for years and
lags behind in achieving UHC and health-related sus-
tainable development goals [90, 97]. PHO has barely
improved in Africa in the last few decades and remains
the worst compared to other regions. Healthy life
expectancy (a measure of life expectancy adjusted for
years spent with disability) has been rising in the region,
rising from 50.9 to 53.8 years between 2012 and 2015,
the largest increase in any WHO region, albeit from
the lowest level. From 2000 to 2015, there was a signifi-
cant reduction in disability-adjusted life-years (DALY)
associated with the leading 10 causes of morbidity. This
decline can be attributed to decreased prevalence of
Malaria, HIV/AIDS, and diarrheal disorders. In 2019,
the SSA region recorded approximately 215 million
malaria cases and 386,000 malaria-related deaths. These
figures accounted for about 90% of the world’s cases and
deaths [97]. In the SSA region, people between 30 and
70 years of age have a 20.7 percent chance of dying from
one major noncommunicable disease (NCD). Moreover,
the region has a high prevalence of all four key risk fac-
tors (tobacco use, drinking alcohol, physical inactivity
and bad diets) for noncommunicable diseases, as indi-
cated in the Global Action Plan for the Prevention and
Control of Noncommunicable Diseases (2013-2020).
The region’s PHO weakness is a crucial issue because it
harms the economy and wealth of countries while also
exacerbating poverty.
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Despite the potential role of PHS in improving PHO,
there is currently a dearth of research on how PHS affects
PHO in SSA owing to the complex interaction between
PHS and PHO [22, 64]. Evidence in SSA indicates that
interwoven and interrelated structural setting factors
obstruct this relationship so that the effectiveness of
health spending is generally affected [11, 41]. When deal-
ing with such complex causal pathways, it is not enough
to know whether interventions work, but there is a need
to understand how they work [21]. Elucidating the pro-
cess or pathway through which interventions affect out-
comes is necessary because it responds to the above
question and allows for devising appropriate interven-
tions [29]. This insight can be gained through process
analysis, which primarily sheds light on the mechanisms
through which a programme affects an outcome.

Investigating the effectiveness of PHS on PHO in SSA,
the majority of studies performed impact analyses, in
which they assessed the ultimate effects of health spend-
ing on PHO [4, 7, 30, 31, 34, 65, 85, 95]. Nevertheless,
limited studies have conducted the required process anal-
ysis to examine the complex causal relationship between
PHS and PHO. One framework that addresses this rela-
tionship is the health field model, developed by Evans
and Stoddart, which poses a dynamic analytical approach
to understanding health [28]. The evidence indicates that
PHO is not solely produced by a singular, isolated cause
but rather by a series of causations in which an intricate
interplay of prior events influences each connection [50].
Hence, to examine the change in PHS associated with
a change in PHO within this complex framework, it is
imperative to evaluate all factors along the PHS-PHO
pathway, as they may influence this pathway. For example,
when a government decides to increase PHS to improve
PHO, this increase is made through funding activities
that directly or indirectly impact PHO, such as financing
medical care or health prevention activities. The latter’s
success, change, or improvement is due to other health
system features, such as health literacy of patients and
disease burden, contributing to PHO changes. Thus, for
PHO to change, PHS must bring about changes in medi-
cal care or health prevention activities, but this could be
affected by structural factors in bringing about changes
in PHO. This study posits that variable changes can occur
in either the initial level, growth rate, or both the initial
level and growth rate. This differentiation of changes can
provide significant insights into the relationship under
investigation. Within the confines of this particular set-
ting, the primary question arising from this investigation
is whether the change over time in PHO is related to the
change over time in PHS through changes over time in
mediating factors.
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Therefore, this study aims to assess whether structural
factors serve as channels through which PHS impacts
population health outcomes in SSA. The study evaluates
the mediational processes in the relationship between
DGGHE and PHO, focusing on the slope-slope mediat-
ing effect because it presents potential changes in spe-
cific countries [67]. This study applied the latent growth
curve mediation model (LGCMM) within the structural
equation model (SEM) framework for statistical analy-
sis. This approach provides the benefit of distinguishing
between variable changes in the initial level and growth
rate, which may exhibit divergent trends. It also accounts
for temporal precedence in the mediation process analy-
sis while considering the possible endogeneity between
health expenditure and PHO.

The remainder of this paper is organized as follows. The
following section provides a brief review of the literature.
Review of the literature section presents the theoretical
framework and hypotheses development. Theoretical
Framework and Hypotheses section presents the meth-
odology used in this analysis. The study results are
described and analyzed in Methodology section. Before
the conclusion, a discussion of the results is conducted in
Study results section.

Review of the literature

Process analysis enables the identification and compre-
hension of problematic factors in causal relationships. In
this process, the study employs the mediation analysis
approach to clarify the mechanism through which inter-
ventions such as PHS affect outcomes such as PHO. Only
a few studies in SSA have utilized mediation analysis to
examine the link between PHS and PHO. For example,
Makuta and O’Hare [52] used a sample of 43 SSA nations
from 1995 to 2011 to analyze PHS’s direct and indirect
effects, using under-five mortality and life expectancy as
PHO measures and fixed effects as the estimation tech-
nique. The study considered governance as the mediating
factor in the association between PHS and PHO using the
coefficient of the interaction term between PHS and gov-
ernance as an indirect effect estimate. The findings sug-
gest that the impact of PHS is mediated by the quality of
governance [52]. These findings may suffer from sound-
ness since the study used the interaction term to assess the
mediation. In the literature on mediation and moderation,
interaction terms are a statistical approach for assessing
the moderating factor of intervention-outcome relation-
ships [37, 91]. Using the interaction term to assess the
mediating effect between variables was inappropriate.

A recent study by Mallaye and Yogo [53] considered a
sample of 95 developing countries, including SSA coun-
tries, to investigate the direct and indirect effects of health
aid on child mortality from 1990—to 2011. This study used
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a seemingly unrelated regression framework to test the
mediating effects of health spending, female education,
and governance on the relationship between health aid
and child mortality. The standard mediation analysis based
on a single mediator was conducted. The study findings
suggest that the relationship between health aid and child
mortality is fully mediated by female education, as meas-
ured by the female primary education completion rate and
governance, as measured by both governance effectiveness
and voice accountability [53]. This study conducted a sin-
gle mediation, in which the temporal precedence of vari-
ables was ignored, as this could result in biased estimates
[18]. Additionally, because the mediators were evaluated
separately, there was a concern about biased estimates of
indirect effects due to the exclusion of probable mediator
interactions [92]. Another study by Okwan and Kovacs
(2019) applied the partial least squares SEM techniques to
cross-sectional data from 35 SSA countries over the period
2008-2015 to assess the causal relationships among mater-
nal mortality, socioeconomic, socio-cultural and medical
latent variables in SSA. The findings from the mediating
effects investigation suggest that the latent medical vari-
able significantly negatively mediates the relationship
between the latent construct of socio-cultural determi-
nants and maternal mortality [69]. The technique used to
assess the mediation in this study can manage multiple
mediations but is inappropriate for panel data and does
not account for the temporal precedence of variables.

In contrast to previous studies, this study applied the
LGCMM approach to investigate the mediational process
between PHS and PHO in SSA countries. LGCMM is
appropriate for panel data, supports the multiple media-
tion analysis, and considers the temporal precedence of
factors. A parallel process latent growth curve modelling
tool is widely used to assess change pathways in evaluat-
ing public health interventions [49, 76]. In this Model, the
mediational process is modelled as the growths of inter-
vention, mediator and outcome variables viewed as dis-
tinctive LGC [18, 60, 82]. To the best of our knowledge,
no study in the SSA region has investigated the effective-
ness of PHS in improving PHO using this approach.

Theoretical Framework and Hypotheses

This study was based on the Health Field Model [28] to
investigate the PHS pathways to PHO. The study used
the modified version in Fig. 1, which shows the cyclic
integration of health, economic wealth, and well-being.
Globally, the Model suggests that improving health out-
comes positively impacts well-being, which is necessary
to promote prosperity and economic growth. Prosper-
ity makes the government allocate parts of the achieved
economic growth to social, economic, and environ-
mental causes, while these causes also contribute to
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Fig. 1 Study framework

Note. This study framework was developed based on Health Field Model. Adapted from "Producing health, consuming health care’, by Evans, R.G.
and Stoddart, G.L,, 2010, Soc Sci Med, 31(12), 1347-63, available: http://dx.doi.org/10.1016/0277-9536(90)90074-3

realising economic prosperity. For example, economic
causes, including PHS, may improve health factors,
individual elements, disease reduction, and health out-
comes, and the cycle is achieved. An in-depth discus-
sion of this Model is provided elsewhere [28].

This study provides all the potential paths through
which the determinants of health affect health out-
comes, including the hypothesized paths. Some seg-
ments on the paths indicated in the study framework
have been investigated. This is the case for the segment
between immunization and PHS [16, 23], segment
immunization-PHO [51, 58, 89], segment PHS-malaria
[57, 70, 79], segment malaria incidence-female educa-
tion [14, 25, 73], and segment female education-PHO
[10, 55, 84]

Following the study objective and framework and
considering the segments mentioned above, this study
developed the following hypotheses using the transmit-
tal approach, which requires only a single hypothesis
to assert that the relationship between the predictor
and outcome is mediated by the mediator [77]. It is
worth noting that the study measured PHS by DGGHE
and PHO by DALY and under-five mortality, which,
according to WHO, one unit represents the loss of an
equivalent one year of full health. Malaria incidence
and education as measured by female education)
were used as mediators for mediational process 1, and

immunization coverage was used as a mediator for
mediational process 2.

H1: The relationship between change in DGGHE
growth rates and DALY growth rates is sequentially
mediated by malaria and education growth rates
(mediational process 1).

H2: The relationship between DGGHE growth rates
and DALY growth rates is mediated by immunization
growth rates (mediational process 2).

Methodology

Data

This study utilized secondary data obtained from 42
sub-Saharan nations spanning the period from 2015 to
2018, considering the availability of the data. The data
above, sourced from the Global Health Data Exchange,
World Development Indicators, World Governance
Indicators, and Global Health Expenditures databases
[40, 100-102], indicate a sample size of 42 observa-
tions throughout four distinct periods. Before analy-
sis, all data were cross-checked for consistency with
specific sources, such as the country’s national health
accounts reports. According to Duncan et al. [26], the
sample size used in this study satisfies the requirement
of a minimum of three time periods to investigate
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latent growth curves with confidence in the accuracy
of the estimated parameters [26]. In addition, Hart and
Clark [36] and Shi et al. [81] contended that, within
the SEM framework, multivariate latent growth curve
models, such as the LGCMM, could be applied with a
very small (N=42) non-normally distributed sample
without the risk of type I errors [36, 81]. Of the data
collected for this study, 3.5% were missing. A multiple
imputation approach was used to address the issue of
missing data.

The key study variables were DGGHE and DALY. The
DGGHE represents the domestic resources that gov-
ernments controlled overall and used as a crucial policy
instrument for accelerating progress towards UHC and
achieving health-related SDGs. The DALY is a health gap
summary measure of population health that accounts for
both mortality and morbidity to characterize the health
of a specific population [32]. It has been most commonly
used to assess the disease burden. It has proven useful to
researchers and health professionals because it provides
information on the population’s disease burden and helps
to identify priority health areas for implementing PHS
interventions. The description and sources of the study
variables are presented in Table 1.

Empirical Model and Estimation Technique

This study investigated the longitudinal mediation pro-
cesses in the DGGHE-DALY relationship. Evidence
suggests that longitudinal mediation models based on
structural equation modelling (including cross-lagged
panel, latent growth curve, and latent difference score
models) depict mediation processes in longitudinal data
more accurately [66, 67, 106]. This study selected the
LGCMM because it allows researchers to investigate
how increased DGGHE (intervention) affects the level

Table 1 Variable description and source
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(intercept) and change (slope) of DALY (outcome) over
time by varying the level and change of the mediator
[18]. The modelling of latent intercepts and slopes dis-
tinguishes this Model, which provides information on a
population’s mean change characteristics (intercepts and
slopes) as well as individual differences in these char-
acteristics (intercepts and slopes) increasing the accu-
racy of estimates. Furthermore, the factor loadings for
each latent variable can be adjusted to account for dif-
ferent intercept and growth shape values. Each variable
included in this study model reflected a univariate latent
growth modelling (LGM) process, as illustrated in Fig. 2.
which graphically depicts the latent linear growth model.

% 9 @9

Fig. 2 Latent linear growth model

Note. X1 to X4 represent observed data collected over four periods,
t=1,2,3,and 4; E1 to E4 are time-specific errors. The simple arrows
depict the link between the intercept and slope of the observed
variables. Double arrows depict the link between growth factors
(intercept and slope). Arrows indicate the intercept loading
parameters

Variables Indicators Source
Disability-adjusted life year DALY DALY (per 1,000 people) GHDx
eD:p"e‘ﬁjiﬁtﬁrg‘Z”era' govemmenthealth  psoE  DGGHE per capita (US$ 2019 constant PPP) GHED
Female education FE School enrolliment, primary, female (% gross) WDI
Gross domestic product GDP Gross domestic product (Per 100$ per capita) WDI
HV HIV HIV incidence (per 1,000 uninfected population) WDI
Immunisation coverage MM Immunisation (bcg) (% of one-year-old children) [BCG] WDI
Malaria MALA Malaria incidence (per 1,000 uninfected population) WDI
Under-5 mortality U5MR Under-5 mortality rate, (per 1,000 live births) WDI

GHDx Global Health Data Exchange, GHED Global Health Expenditures Database, WD/ World Development Indicators.
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The observed X-scores depend on the latent intercept
factor, latent slope factor (with factor loadings represent-
ing the predicted slope), and time-specific errors [46].
Because the intercept remains constant across time, the
intercept factor loadings are always one. Because linear
growth is expected, the slope factor loadings were 0, 1,
2, and 3. An observation at any time can be chosen as
the intercept (i.e., the observation with a factor load of
0), and slope factor loadings can be modelled in various
ways to reflect different patterns of change.

The general Equation related to the Model in Fig. 2 is
expressed as follows:

Y = N0 + Mkt + (Soi + A¢S1i + &) 1)

where the observed repeated outcome measures y;; com-
prise the random (go; + 4:¢1; + €y) and fixed (o + n14s)
components of the growth paths. The fixed-term repre-
sents the expected values of y; at a specific time point
t. The change in the growth trajectory is divided into
within- and between-country changes and described as
three unobserved sources of variations: A;¢j; — between-
country change in the rate of outcome change; ¢o; —
between-country change in the initial level of outcome
measure; and g — within-country change in recurrent
outcome measures. The random factors of the growth
trajectory describe changes in country trajectories over
time and across countries. The covariance between c¢;
and ¢y; illustrates the link between the initial outcome
level and the rate of outcome change over time.

The study model consists of the following system of
Egs. (2, 3, 4, 5, 6, 7 and 8), representing the process of
each study variable.
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where DALY, DGGHE, MALA, FE, IMM, GDP, and HIV
represent the disability-adjusted life year, domestic gen-
eral government health expenditure, malaria incidence,
female education, immunization coverage, gross domes-
tic product, and HIV/AID, respectively. Each Equation
from the system above relates to the study variable pro-
cesses and contains the same terms as in Eq. (1).

The study constructed both unconditional and con-
ditional models using evaluated latent variables. The
unconditional Model assessed the associations among
variables, whereas the conditional Model was employed
to explore the mediational processes. The associative or
unconditional Model builds on covariance to connect
Egs. (2, 3,4, 5, 6, 7 and 8) and assess their relationship.
In contrast, the conditional Model uses regression to
establish the link between the variables (represented by
Egs. (2, 3,4, 5, 6, 7 and 8) following the study hypotheses.

Data analysis

The hypotheses were empirically tested following the
procedure outlined by Cheong et al. [18] and Cheong
[17]. This approach suggested three steps of modelling
and testing the mediational processes within the LGCM
framework, which allowed for evaluating a parallel pro-
cess in mediation analysis [17, 18]. Initially, the form of
the growth trajectory for each process was examined. The
primary objectives of this step were to ascertain whether
the hypothesized trajectory form was compatible with
the data and whether the growth rates of the variables
varied. Upon examining the growth pattern of the time
points for the data, it was anticipated that the growth of
the study variables would differ.

DALY | DALY yDALY DALY | 3DALY _DALY | _DALY 2

DALY sy =ng ™" +ny """ g + (§0i +A ey e ) @)
DGGHE | DGGHE ;DGGHE ( _DGGHE  ;DGGHE _DGGHE | _DGGHE

MALAy = g4 4 pMAMA | ( YA 4 JMAMA | 82(1/4) (@) The Model shown in Fig. 2 was used in this investiga-

FEq = nff +nfEAE + (fF + ESfF + ) (5)

I = 0 (1 I 1) (6)

2GDP _GDP

GDPy; =ngDP+nfDP2tGDP+ (ggDP-J-At S1r +egDP>

7)

HIV

HIV,; = ng[lv + niﬂvltDA + (§0i + /{ﬁﬂvs_fl{[V + 8{;[1‘/)

(8)

tion. The factor loadings of the latent intercepts were set
to one, as the initial factors were constant. The free factor
loadings approach was used to compute the factor load-
ings of the latent slopes of all variables. This approach
helped determine growth curves based on the data by
capturing all possible individual growth curves, includ-
ing growth curves with time-specific errors, and select-
ing the best fit for the data [13]. By allowing the loadings
on the growth rate factor to vary, the researcher hypoth-
esized that the effects of the initial intervention, such as
increasing PHS through the implementation of health
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programmes, would not be as effective as the subsequent
interventions.

In the second stage, the individual LGCMs assessed
in the first step were combined into a single parallel
process model based on the hypothesized relationships
between growth factors. Before this phase, an uncon-
ditional LGCM was constructed to assess the degree of
association between these latent constructs. Finally, the
estimated magnitudes of the mediational effect and the
standard error were computed. Standard error was used
to determine the significance of the mediation effect
and to construct confidence intervals for these latent
constructs [17]. As suggested by Grace [33], this study
addressed the endogeneity issue by correlating the DALY
errors with the mediator errors while using the maxi-
mum likelihood mean—variance adjusted (MLMYV) as the
model estimator [33]. The comparative fit index (CFI),
Tucker-Lewis index (TLI), and root mean square error of
approximation (RMSEA) were used to evaluate the good-
ness of fit of each Model [38]. IBM SPSS software (ver-
sion 26.0) was used for data preparation (IBM [39], and
MPLUS software version 8.10) was used for analysis [61].

Study results

Descriptive analysis

Table 2 presents descriptive statistics of the study vari-

ables. Each variable’s average and standard deviation (SD)

were calculated for each year. Over four years, 42 coun-

tries were observed, yielding 168 observations.
Throughout the study period, the mean value of the

dependent variable (DALY) decreased from 526 to 476

Table 2 Descriptive statistics
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per 1,000 people. Many decreases were attributable to
the decline in mortality observed in the region, where
countries such as Cabo Verde and Lesotho reported a
decline in DALY from 264 to 260 per 1,000 people and
from 927 to 857 per 1,000 people, respectively. The high
SD observed in the region suggests that the DALY var-
ied substantially between countries, owing to dispari-
ties in health. The predictor (per capita DGGHE) mean
increased from $93.33 in 2015 to $95.18 in 2016 and
$98.30 in 2017 before significantly decreasing to $93.86
in 2018. This fluctuation in DGGHE indicates a cer-
tain instability in public health resources, which makes
forecasting the health sector challenging. Their high
SDs ranged from 143.13 to 154.08, indicating that the
DGGHE values varied significantly around their mean.
This demonstrates the differences between nations.

Except for the FE variable, the means of the mediator
(IMM, FE, and MA) and control (HIV and GDP) vari-
ables decreased throughout the study period.

Investigation of Growth Trajectories

The study fitted an unconditional linear LGC model for
each variable, represented by a path diagram in Fig. 2.
The results are displayed in Table 3, which includes the
estimated growth trajectories, Model fit indicators, and
intercept-slope covariances for each research variable.
The intercepts were centred on the scores at the first time
point for each Model, suggesting that the intercept rep-
resents the initial status of the growth curve. In addition,
the estimated time scores for each variable’s growth tra-
jectory represent deviations from the linear time scores

] 20142 2015 2016 2017 2018 Normality test
Vaniables Mean SD Mean SD Mean SD Mean SD  Mean SD Kgm?r?gvrzv' S':mi}:o'
DALY (per 1,000 people) 526.007 139.183 506.812 131.998 488.926 126.784 471.673 121.992 0.087** 0.957***
DGGHE (US$ 2019 constant PPP) 92.786 141.133 93.328 143.133 95.179 142301 98.300 157.330 92.861 154.075 0.356*** 0.432***
FE (% gross) 51.035 26.019 51468 25537 52.677 24327 52.760 21.483 0.159*** 0.841***
GDP (Per 100$ per capita) 47543 52723 45923 49197 46.070 46.481 46.607 44.564 0.207*** 0.734***
HIV (per 1,000 uninfected population) 1.953 2.579 1.830 2.324 1.740 2.066 1.676 1.947 0.323*** 0.551***
IMM (% of one-year-old children) 87.548 11.094 87.976 12493 88.071 10.285 87.381 10.849 0.198*** 0.836***
MALA (per 1,000 uninfected population) 196.587 140.242 203.188 152.167 197.965 145.932 185.428 140.351 0.100*** 0.950***
USMR (per 1,000 live births) 6.712 7.673 6.858 7.788 6.785 7.736 6.692 7.623 0.190*** 0.650***

2This year was considered to obtain the lagged DGGHE that helped to develop the main Model with lagged DGGHE. Source: Author’s computed using the study

dataset
**P < 0.05, ***P < 0.01
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Table 3 Estimates of growth trajectories
Intercept Slope Slope Covariance Fit indexes
Variables P " Int tos|
Mean Variance Mean Variance arameters niercept-siope  cfy TLI  RMSEA
DALY (per 1,000 people) 524.758** 18483.508**  -17.709** 47.614** [0, 1,2.027, 3]  -735.239*** 1 1 0
DGGHE, per capita (US$ 2019 g5 ay5ems  4gggg 709+ 0.314  22.936™ [0, 1.2,4.76,6]  229.782 1 1 0
constant PPP)
Female education (% gross) 51.444"%  621.488"* 0519 10.378 [0, 1, 0.965, 3] 54.870**  0.997 0.997  0.030
GDP (Per 100$ per capita) 46.027*  2387.666" 0.203  13.055** [0, 0.5, 2, 3] 45,783+ 1 1 0
HIV incidence (per 1,000 1.787% 5.059** -0.038 0061 [0, 1,2 4] -0.330* 1 1 0
uninfected population)
- . !
Immunisation (bcg) (% of one 87.767**  112.652** -0.016 0.902* [0, 1, 3, 5] -3.169 1 1 0
year-old children)
Malaria incidence (per 1,000 193.478*** 0.432*** 21352.254** 706.939*** [0, -1, -0.218, 1] -679.647* 1 1 0
uninfected population)
Under-5 mortality rate, (per 78.414%*  796.190*** 2,464 1233 [0, 1, 2, 3,] 22.343* 0938 0949 0.012

1,000 live births)

CFI Comparative fit index, TLI Tucker-Lewis index, and RMSEA Root mean square error of approximation. Source: Author ‘s computed using the study dataset and

MPLUS 8.10 software. *p < 0.10; **p < 0.05; ***p < 0.01

of [0, 1, 2, 3]. This suggests that all variables exhibited
non-linear changes over time.

The analysis of the results provides a comprehen-
sive overview of the average DALY growth in SSA over
time. The mean intercept term suggests that, on aver-
age, countries recorded a rate of 525 DALYs per 1,000
individuals in 2015. There exists notable variation at the
country level around the mean intercept (p<0.01). The
mean latent slope suggests that DALY in SSA had a rapid
annual drop of 17.7% throughout the study period. Fur-
thermore, significant variability is observed at the coun-
try level around the mean slope (p<0.01). The RMSEA
estimate is lower than the threshold of 0.08 [48], the TLI
estimate approaches the norm of 1, and the CLI estimate
is higher than the threshold of 0.95 [35]. These results
suggest that all the univariate DALY models fit the data
well LGC fit the data. The alternative dependent variable,
U5MR, exhibited almost the same characteristics as those
of DALY. That is a large intercept variance, negative mean
slope, and negative intercept-slope covariance. However,
it differs from the DALY in its low slope variance.

The mean and variance of the DGGHE intercept were
significant at all levels. The average intercept of DGGHE
was 93.325 $ per capita, suggesting that, on average,
sub-Saharan governments spent 93.33 USD per person.
However, the high intercept variance of 19,998.71 shows
a significant disparity between SSA countries. As an illus-
tration, certain countries, such as the Democratic Repub-
lic of Congo (DRC), with a per capita DGGHE of $5.53
and Guinea-Bissau, with a per capita DGGHE of $11.61,

exhibit a much lower value compared to other countries,
such as South Africa (RSA) with a per capita DGGHE
of $553.94 or Botswana with a per capita DGGHE of
$700.88, which exceeds the former by more than 100
times. The variance of the DGGHE slope was statistically
significant at the 5% level. This finding suggests that there
is significant variation in DGGHE levels within coun-
tries in the sub-Saharan region. During the study period,
countries such as Angola, Chad, the Republic of Congo,
Guinea, Liberia, Madagascar, Sao Tome, Sierra Leone,
and Zimbabwe exhibited DGGHE variations ranging
from simple to nearly double. The main factors contribut-
ing to the variation in DGGHE in SSA countries include
the prevalence of chronic diseases [96], urbanization that
comes with factors that exacerbate health issues [1, 105],
and public debt, which leads to increased government
debt service costs, thereby reducing the resources availa-
ble for general expenditures, including DDGHE [9]. With
CFI, TLIL, and RMSEA values of 1.000, 1.000, and 0.00,
respectively, the estimated univariate DGGHE model fit
the data well.

The intercept means, and variances of the control and
mediating variables are significant at all levels. All control
and mediator variables’ means of the slopes were statisti-
cally insignificant, except for malaria. Only the variances
of the slopes of GDP, HIV/AIDS, and immunization were
statistically significant at all levels, the 5% level and the
10% level, respectively. The Model fit indices in Table 3
show that the univariate models of all control variables
and mediators fit the data well.
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Model estimates

Table 4 presents the descriptive Model fit indices for the
unconditional Model that links the LGCMs analyzed in
the previous section.

The Model fit indices in Table 4 indicate that the Model
is a good fit for the data [15, 44]. Following this, condi-
tional models were developed to analyze the mediational
processes.

This study developed three models combining Media-
tional Processes 1 and 2 to achieve the study objective.
The combination of mediational processes has been
advocated in the literature because it accounts for the
potential interactions of mediators [92]. The 1st, Main
Model, was developed to evaluate the hypotheses. The
2nd was developed to consider the eventuality of lagged
DDGHE. The 3rd used U5MR as an alternative depend-
ent variable to the DALY, which the Global Burden of
Disease Database modelled. The introduction of another
health variables USMR aimed at assessing the sensitivity
of the results to the health indicator used. Table 5 pre-
sents the indirect, direct, and total effects estimates for
the three models and their goodness-of-fit indicators.

Table 5 shows the four main pathways involving the
two mediation processes by which DGGHE factors affect
DALY factors. These main pathways are from IDGGHE
to IDALY and SDALY and from SDGGHE to IDALY and
SDALY. They included 24 pathways investigated, eight
of which were related to mediational processes 2 and
16 to mediational processes 1. The findings presented
in Table 5 show that certain main pathways, specifically
those originating from SDGGHE to SDALY (in the Model
incorporating delayed DGGHE) and from IDGGHE to
SDALY (in both the main Model and the Model incorpo-
rating USMR), exhibit an overall indirect effect that is not
statistically significant. However, it is worth noting that
certain specific pathways within these models do exhibit
a statistically significant indirect effect. The findings pre-
sented in this table were used in the subsequent section
to assess the mediation processes being examined. The
Model fit indices presented in Table 5 suggest that the
three conditional LGCMs fit the data well [38].

Table 4 The goodness of fit indicators of conditional and
unconditional LGCM

Goodness of fit Indicator Unconditional LGCM

RMSEA 0.050
CFl 0.968
TLI 0.961

CFI, TLI, and RMSEA stand for the comparative fit index, Tucker-Lewis index,
and root mean square error of approximation, respectively. Source: Author s
computed using the study dataset and MPLUS 8.10 software
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Mediation assessment

Two mediational processes were simultaneously inves-
tigated in the relationship between DALY and DGGHE.
Based on the study hypotheses, the intercept-intercept,
intercept-slope, and slope-slope mediating effects were
analyzed [93], focusing on the slope-slope mediating
effects which present potential changes in individual
countries [67].

Table 6 provides the estimates of the pathway coeffi-
cients of the Main Model. The results in Table 6 show sta-
tistically significant indirect effects in all pathways except
for the pathways from IDGGHE to SDALY. The indirect
effects suggest partial mediation in two pathways (SDG-
GHE to IDALY and SDGGHE to SDALY). The pathway
from IDGGHE to IDGGHE suggested full mediation.

Focusing on the slope-slope mediating effects, the
results indicate that the global trajectory from SDG-
GHE to SDALY presents a significant direct effect (1.333;
»<0.000) and a significant total indirect effect (-1.336;
p<0.001). The results in Table 6 suggest that this indirect
effect results from the specific trajectories SDGGHE-
SMALA-SFE-SDALY (-0.301; p<0.001) and SDGGHE-
IMALA-SFE-SDALY (1.135; p<0.001). Highlighting the
slope-slope mediating effects, the results in Table 6 dem-
onstrate a partial mediation process, as evidenced by
the statistical significance of the direct effect. The find-
ings suggest that in the context of SSA, the association
between the growth rates of DALY and the growth rates
of DGGHE is sequentially and negatively mediated by
the growth rates of malaria incidence and education. The
results are visually presented in Fig. 3, which presents the
Main Model mediation pathways, whereby the pathway of
interest is depicted by green arrows, indicating the indi-
rect effect, and a blue arrow, representing the direct effect.

This study attempted to account for the time delay
in the Model by including the DGGHE with a lag of
one period under the assumption that the impact of
the DGGHE on DALY occurs after a one-year interval.
Table 7 displays the outcomes of pathway estimation of
the Model with lagged DGGHE.

Focusing on slope-slope mediating effects, the results
indicate that for the global trajectory from SDGGHE to
SDALY, the direct and indirect effects are not statisti-
cally significant. However, the detailed results in Table 6
indicate that the specific trajectories were SDGGHE-
SMALA-SFE-SDALY (-0.024; p <0.085). Highlighting the
slope-slope mediating effects, the results in Table 6 show
a full mediation process, as evidenced by the statistical
non-significance of the direct effect. The findings suggest
that in the context of SSA, the association between the
growth rates of DALY and the growth rates of DGGHE is
sequentially and negatively mediated by the growth rates
of malaria incidence and education.
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Table 5 Indirect, direct and total effects estimates

Coefficients

Paths ] Main with L
Main Main with USM
Lagged DGGHE
Effects from IDGGHE to IDALY
Direct 0.000 0.000 0.000
Total indirect 0.485%** -0.044 -0.002
IDALY <IIMM < IDGGHE -0.026 -0.023 0.003
IDALY &SIMM < IDGGHE 0.287%** 0.111 -0.004
IDALY < IFE <IMALA < IDGGHE -0.006 -0.002 0.000
IDALY < IFE <SMALA < IDGGHE 0.000 -0.001 0.000
IDALY <SFE <IMALA < IDGGHE 0.193** -0.082** -0.001
IDALY & SFE <SMALA < IDGGHE 0.038 -0.047*** -0.001
Effects from SDGGHE to IDALY
Direct -16.908*** 0.657 -0.084
Total indirect -26.616%** 0.839 -1.506 ***
IDALY < IIMM < SDGGHE 1.344 0.424 -0.138
IDALY <&SIMM &< SDGGHE -1.977 0.245 -0.340
IDALY < IFE <IMALA <SDGGHE 0.672 -0.008 -0.027
IDALY < IFE < SMALA <SDGGHE 0.044 0.008 -0.001
IDALY  &SFE <IMALA <SDGGHE -21.103*** -0.285 -0.829%**
IDALY <SFE < SMALA <SDGGHE -5.596*** 0.456* -0.171*
Effects from IDGGHE to SDALY
Direct 0.000 0.000 0.000
Total indirect -0.008 0.0027*** 0.000
SDALY <IIMM < IDGGHE 0.001 0.001 0.000
SDALY <SIMM &< IDGGHE 0.003 0.0019*** 0.000
SDALY <IFE <IMALA < IDGGHE 0.000 0.000 0.000
SDALY < IFE <SMALA <IDGGHE 0.000 0.000 0.000
SDALY <-SFE <IMALA < IDGGHE -0.010** 0.004** 0.000
SDALY <&SFE <SMALA < IDGGHE -0.002 0.002** 0.000
Effects from SDGGHE to SDALY
Direct 1.333 *** 0.081 0.009
Total indirect 1.336%** 0.015 0.037***
SDALY <I1IMM < SDGGHE -0.062 -0.018 0.003
SDALY <SIMM &< SDGGHE -0.023 0.041 0.015
SDALY <IFE <IMALA < SDGGHE -0.015 0.001 0.004**
SDALY < IFE <SMALA <SDGGHE -0.001 -0.001 0.000
SDALY <SFE <IMALA < SDGGHE 1.135%** 0.015 0.012%***
SDALY <-SFE < SMALA <-SDGGHE 0.301%** -0.024* 0.002**
CFl 0.913 0.937 0.909
TLI 0.908 0.927 0.902
RMSEA 0.001 0.001 0.007
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CFI Comparative fit index, TLI Tucker-Lewis index, and RMSEA Root mean square error of approximation, IDALY = intercept DALY; SDALY = slope DALY; IDGGHE =

intercept DGGHE; SDGGHE = slope DGGHE; IFE = intercept FE; SFE = slope FE; IHIV = intercept HIV; SHIV = slope HIV; IMALA = intercept MALA; SMALA = slope MALA;
IGDP = intercept GDP; SGDP = slope GDP; IMM = intercept IMM; SIMM= slope IMM. Source: Author 's computed using the study dataset and MPLUS 8.10 software. *p
< 0.10; **p < 0.05; ***p < .01

The outcome variable used in this study, Disability-
Adjusted Life Years, was derived from a model developed
by the Global Burden of Disease Database [59]. Examin-
ing the influence of a policy change on a modelled meas-
ure may provide challenges because of the potential for

the policy change to already be inherently incorporated in
the model results [6]. To address this potential concern,
the present study examined an additional Public Health
Service (PHS) indicator, namely, the Under-5 Mortality
rate (USMR), to corroborate the findings observed in the
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Table 6 Estimates of pathway coefficients of Main Model
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Total Effect

Direct Effect

Total indirect Effects

Path
Path coefficient SE

Path coefficient

Conclusion
SE Path coefficient SE

IDGGHE to IDALY 0.485***  0.158 -
SDGGHE to IDALY -43.524***  10.176 -16.908***
IDGGHE to SDALY -0.008 0.008 -
SDGGHE to SDALY 2.669***  0.534 1.333**

0.485%** 0.158 Full mediation
4.477 -26.616 ***  8.192 Partial mediation

-0.008 0.008 No mediation
0.252 1.336"* 0.404 Partial mediation

CFI Comparative fit index, TLI Tucker-Lewis index; and RMSEA Root mean square error of approximation; IDALY = intercept DALY; SDALY = slope DALY; IDGGHE =
intercept DGGHE; SDGGHE = slope DGGHE. Source: Author 's computed using the study dataset and MPLUS 8.10 software. ***p < 0.01

main Model. Table 7 displays the outcomes of the path-
way estimation of Model with USMR.

The results in Table 8 indicate a statistically signifi-
cant indirect effect on the global trajectory from SDG-
GHE to SDALY. The results in Table 6 suggest that this
indirect effect resulted from the specific trajectories
SDGGHE-SMALA-SFE-SDALY (-0.002; p <0.008), SDG-
GHE-IMALA-SFE-SDALY (0.012; p<0.007), and SDG-
GHE-IMALA-IFE-SDALY (0.004; p <0.012). Highlighting
the slope-slope mediating effects, the results in Table 6
demonstrate a full mediation process, as evidenced by
the statistical non-significance of the direct effect. The
findings suggest that in the context of SSA, the associa-
tion between the growth rates of DALY and the growth
rates of DGGHE is sequentially and negatively mediated
by the growth rates of malaria incidence and education.

The sensitivity analysis procedures available in the litera-
ture for multiple mediations hypothesize the independence
between mediators [42, 43, 88]. This study incorporated
numerous mediators in response to anticipation of possible
interactions. Consequently, to evaluate the sensitivity of the
findings, this study conducted an assessment of the reliabil-
ity by investigating the impact of changes in the sample size
[80]. To restrict the range of DALY values, the sample was
subjected to exclusion of four observations with the most
extreme DALY values. As a result, there was a reduction in
the number of nations considered in the analysis, declining
from 42 to 38. The recently estimated Model exhibited a
robust level of fit (CFI=0.944, TLI=0.930, RMSEA =0.07),
meeting the acceptable standards set out by Joreskog and
Soérbom (1993). The updated Model revealed significant
indirect effects for the specific SDGGHE-SMALA-SFE-
SDALY pathway, with effect sizes of -3.749 (p<0.01). The
findings obtained were similar to those generated from the
main Model and did not alter the information about medi-
ational processes. This finding implies that the indirect
effects of the study are robust as they remain unaltered by
fluctuations in the number of observations.

Discussion

This study examined how PHS affects population health out-
comes in sub-Saharan countries. To this end, this study exam-
ined the transmission mechanisms of PHS in the relationship
between PHS and population health outcomes, focusing on
changes in variables over time. The study used DGGHE and
DALY growth factors to measure PHS and population health
outcomes, respectively and evaluated the simple and sequen-
tial mediations in the relationship between DGGHE and
DALY growth factors by applying a parallel process within an
LGCMM framework. We used data from a panel of 42 sub-
Saharan countries from 2015 to 2018.

The research results suggested that malaria and female
education formed a channel through which DGGHE
imparts its effects on the DALY in sub-Saharan coun-
tries, and these effects were achieved via specific paths
from the DGGHE slope to the DALY slope, via malaria
and female education slopes. However, the study found
no mediating effects of immunization on the relationship
between DGGHE and DALY in sub-Saharan countries.

This study also identified mediating effects between
DGGHE and DALY growth factors. For example, these
were identified in the pathways from the DGGHE inter-
cept to the DALY intercept via the malaria incidence and
female education slopes, the DGGHE intercept to the
DALY slope via the malaria incidence and female slope
education slopes, and the DGGHE slope to the DALY
intercept via the malaria incidence and female education
slopes. These pathways involving the initial values of the
growth factors were not the focus of our study, which
looked at how the variables changed over time.

While the results of the study revealed a negative indi-
rect effect of 0.451 of DGGHE caused by malaria and
female education in the relationship between DDGHE
and DALY, they also revealed that there was no direct
effect, implying that the mediation of malaria and female
education in the relationship between DGGHE and
DALY was complete, that is, a full mediation [63].
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These results also suggest that during the study period
in SSA, the DGGHE slopes were inversely related to the
DALY slopes via sequential changes in malaria and female
education rates of change. This conclusion is consistent
with Hypothesis 1, which states that malaria and female
education growth rates serially mediate the relationship
between DGGHE and DALY growth rates in sub-Saharan
countries. Although the results support Hypothesis 1, they
do not support Hypothesis 2, which states that immu-
nization growth rates mediate the relationship between
DGGHE and DALY growth rates in sub-Saharan countries.

The results indicated that malaria and female education
were conjointly transmission channels of DGGHE, sug-
gesting that increased DGGHE growth rates were nega-
tively related to malaria growth rates, and malaria growth
rates adversely affected female education growth rates,
which in turn positively affected DALY growth rates. As
a result, a total indirect effect of DGGHE growth rates on
DALY growth rates was observed.

These conclusions were expected in SSA, where
the constant fight against malaria is made possible
by increasing DGGHE, and persistently decreasing
malaria incidence. Thus, the continuing decline in

malaria positively affected the school enrolment rate
for girls. In turn, the increase in school enrolment ena-
bles the population to acquire the knowledge needed to
understand and manage health issues, enabling them
to remain healthy at all times, thus avoiding disease.
The country-level impact improved health outcomes,
such as reduced DALY [83]. For example, in coun-
tries such as Mozambique and Kenya, the reduction
in malaria cases has led to an improvement in school
results, which, in turn, has improved (decreased) the
burden of disease [19]. Moreover, in SSA, the increase
in DGGHE necessitated by higher immunization rates
has indirectly ensured that disease prevention main-
tains a low DALY [8].

The pathways addressed in this study have not been
explored in previous studies. However, despite the lack
of direct research on the entire pathway, the conclusion
derived from analyzing each segment of these pathways
is theoretically supported by evidence from the exist-
ing literature. For example, Omoruyi [70] and Sede
and Nosakhare [79] investigated the segment from the
DGGHE slope to the malaria incidence. Their results
suggested that increased PHS, which was measured by
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Table 7 Estimates of pathway coefficients of Model with lagged DGGHE

Total Effect Direct Effect Total indirect Effects
Path Conclusion
Path coefficient SE Path coefficient SE Path coefficient SE
ILDGGHE to IDALY -0.044 0.120 - - -0.044 0.120 No mediation
SLDGGHE to IDALY 1.497 0.142 0.657 0.659 0.839 0.707 No mediation
ILDGGHE to SDALY 0.027*** 0.006 - - 0.027*** 0.006 Full mediation
SLDGGHE to SDALY -0.066 0.061 0.081 0.066 0.015 0.042 No mediation

CFI Comparative fit index, TLI Tucker-Lewis index; and RMSEA Root mean square error of approximation. IDALY = intercept DALY; SDALY = slope DALY; ILDGGHE =
intercept lagged DGGHE; SDGGHE = slope lagged DGGHE. Source: Author’s computed using the study dataset and MPLUS 8.10 software. ***p < 0.01

Table 8 Estimates of pathway coefficients of Model with Under-5 Mortality rate

Total Effect Direct Effect Total indirect Effects
Path Conclusion
Path coefficient SE Path coefficient SE Path coefficient SE
IDGGHE to IUSMR -0.002 0.021 - - -0.002 0.021 No mediation
SDGGHE to IUSMR -1.590 *** 0.431 -0.084 0.329 -1.506 *** 0.394 Full mediation
IDGGHE to SUSMR 0.000 0.001 - - 0.000 0.001 No mediation
SDGGHE to SUSMR 0.046*** 0.013 0.009 0.009 0.037*** 0.120 Full mediation

CFI Comparative fit index, TLI Tucker-Lewis index; and RMSEA Root mean square error of approximation. IUSMR = intercept USMR; SU5SMR = slope USMR; IDGGHE =
intercept DGGHE; SDGGHE = slope DGGHE. Source: Author 's computed using the study dataset and MPLUS 8.10 software. ***p < 0.01

DGGHE in the current study, substantially contributed
to the reduction in malaria cases in the African region,
including SSA [70, 79].

Several studies have provided evidence of a relation-
ship between malaria incidence and education, includ-
ing education for females. The results of these studies
revealed that malaria has significant negative effects
on education, including female education, with the
adverse effects of malaria ranging from school absen-
teeism [3, 10, 47] to attention deficits and cognitive
dysfunction in children [20, 62, 71]; thus, the need to
fight malaria.

The relationship between education, including female
education, and population health outcomes has also
been investigated, and the results indicated that female
education has a beneficial influence on the health of the
population, as measured by maternal health, neonatal
mortality, under-five, and infant mortality [5, 45, 94, 103].
However, to the best of our knowledge, the current study
is the first conducted in SSA to examine the transmission
mechanisms of PHS by using growth factor variables and
LGCMM.

A policy recommendation is for government initiatives
in the medical sector to influence transient variables that
greatly impact health outcomes. To reduce mortality and
morbidity, for instance, governments could initiate inter-
ventions affecting factors, such as the burden of malaria
and female education, that can potentially reduce mor-
tality and morbidity conjointly, as measured through the
DALY [2].

The primary contribution of the current study to the
PHS literature on SSA is the investigation of media-
tional processes in the relationship between DGGHE
and DALY. This could reveal the channel through which
DGGHE affects the DALY. Other contributions include
using the LGCMM technique and implementing a multi-
ple mediation approach.

This study aimed to examine the transmission mecha-
nisms to assess the effectiveness of PHS. This method
employs an analysis of the mediation process consider-
ing the temporal precedence. Additionally, it consid-
ered the possibility that any change in the variable could
be decomposed into a change in the initial level and a
change in the growth rate, with these two components
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potentially having opposite directions [72]. This method
has the potential to identify sustainable changes in vari-
ables that are consistently associated with changes over
time and to determine whether initial levels can predict
growth rates.

Another contribution of the study was the implemen-
tation of multiple mediation analyses that accounted for
potential interactions between mediators and avoided
biased estimates of indirect effects resulting from a sepa-
rate evaluation of mediating effects [92].

However, the study had several limitations, includ-
ing using a short time frame that only allowed data to
be collected over four years. Consequently, the underly-
ing transformation process may have been inadequately
stated. Future studies should incorporate more time
points to increase data quality and outcomes.

The free factor loadings approach was used for the
study constructs to estimate the univariate LGCM. To
allow the replication of the study, future investigations
will need to use a set of factor loadings expressing a pre-
cise functional form [72].

Finally, DALY, used as a health indicator, only consid-
ers the negative elements of population health. Health
indicators such as HALE, which capture the positive
aspects of health, may be used. Nevertheless, this and the
other abovementioned limitations should not undermine
the research results. Instead, they should be viewed as
groundwork for future research.

Conclusions and policy recommendations

Despite the long-standing debate on the effective-
ness of PHS in the SSA region, there is little evidence
of the effects of PHS on PHO. This study adds to the
existing literature by exploring the pathways through
which PHS measured by DGGHE affects PHO meas-
ured by DALY to provide insights into the controver-
sial link between PHS and PHO. Accordingly, this study
applied the LGCMM with the MLMV estimator to
panel data from 42 SSA countries for 2015-2018. The
findings suggest that, on average, in SSA countries,
higher growth rates of DGGHE are related to lower
growth rates of DALY through the mediating effects
of growth rates of malaria incidence and education. A
key policy implication drawn from the study findings is
that governments in SSA countries, in focusing on their
redistributive role through DGGHE to improve PHO,
should consider directing their interventions toward
fighting malaria incidence. Therefore, in policies aimed
at improving PHO in SSA, governments and policy-
makers should consider emphasizing existing programs
for the fight against malaria. This would contribute to
improving health outcomes through funding.
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DALY Disability-adjusted life year

DGGHE Domestic general government health expenditures
FE Female secondary education

GDP Gross domestic product

HIV HIV/AIDS incidence

IDALY Intercept DALY

IDGGHE Intercept DGGHE

IFE Intercept FE

IGDP Intercept GDP

IHIV Intercept HIV

[IMM Intercept IMM

IMALA Intercept MALA

IMM Immunization

LGCM Latent Growth Curve Model

LGCMM  Latent Growth Curve Mediation Model
MALA Malaria incidence

ML Maximum likelihood

MLMV Maximum likelihood mean-variance adjusted
PHO Population health outcomes

PHS Public health spending

RMSEA Root mean square error of approximation
RMSEA Root mean square error of approximation
SDALY Slope DALY

SDGGHE  Slope DGGHE

SEM Structural Equation model

SFE Slope FE

SGDP Slope GDP

SHIV Slope HIV

SIMM Slope IMM

SMALA Slope MALA

SSA Sub-Saharan Africa

TLI Tucker-Lewis index

UHC Universal health coverage

UNAIDS  The Joint United Nations Programme on HIV/AIDS
WDI World development index
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