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Abstract: Confounding effects of climatic factors poses a greater influence in the incidence of
malaria and its considerable changes over space and time. In this study, we explore a new framework
for assessment and identification of hidden ecological factors to the incidence of malaria with
cognizance to its ecosystem. Partial least squares path modeling (PLS-PM) and exploratory factor
analysis (EFA) techniques are employed for the identification of hidden ecological factors from
climate data and the reported cases of malaria in Ejisu-Juaben, Ghana. Three hidden factors are
identified: Factor I is related to minimum temperature and relative humidity, Factor 11 is related to
maximum temperature and solar radiation and Factor Il is related to precipitation and wind speed,
respectively. Factor I is identified as the most influential hidden ecological factor of malaria incidence
in the study area, as evaluated by communality and Dillon-Goldstein’s indices. This result is also
validated using cross-correlation, where Factor | indicate positive association with malaria incidence
at Lagl (a month in advance). We conclude that minimum temperature and relative humidity are
accountable for high malaria incidence and should be given consideration in strategizing policy for
prevention and control in the study area.

Keywords: Malaria incidence; Climatic factors; Structural equation modeling; Partial least square model and
Hidden factors.

1. Introduction

Malaria is vectored by mosquito [1], and it is considered as one of the most serious infectious disease
causing public health problem in the world. It is estimated that about two-third of the world population
are at risk, with resultant deaths close to a million annually [2]. The prevalence of malaria can be
attributed to climate factors, which is, in some cases, worsened by human factors through: poor
sanitation, overwhelmed sewage and deforestation. All these identifiable factors are found
contributing to the prevalence of malaria, which, in some ways, significantly imposes a greater
challenge to human life.
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Climate factors are the drivers of malaria transmission, but the ecological relationship that exists
among them is still paucity, particularly in the proposed study area (Ejisu-Juaben, Ghana), which is
characterized by bi-modal rainfall pattern. Recent works by [3]-[5] used meteorological variables
together with malaria incidence data and established some models that predict the malaria incidence.
Similarly, reference [6] used regression and correlation analysis between malaria incidence and
meteorological variables and determined the trend of malaria incidence. Another study by [7] used
time-series modeling and lagged-regression of climate data and the reported malaria incidence cases.
Their result showed that malaria incidence in the study area has significant correlation with relative
humidity and whereas temperature and precipitation have negligible influence. This finding might
particularly reveal that malaria incidence can be strongly influenced by relative humidity alone.
However, the methodology fails to capture the existing dependency among the climate factors. In this
study, we propose the use of partial least squares path modeling (PLS-PM) to analyze the causal
relationship between meteorological variables such as: minimum average temperature, maximum
average temperature, relative humidity, altitude, wind speed, precipitation and solar radiation, and
explore their impacts on the occurrence of malaria incidence. By doing so, we aim to develop an
integrated model that provides us with information to identify the hidden ecological factors that lead
to the high malaria incidence in the study area. Furthermore, based on our findings, we aim to inform
policy makers and public health workers with the best strategy for prevention and control of malaria
transmission from ecological perspective.

The subsequent sections of this paper are presented as follows. In Section 2, we discuss the concept
of ecosystem and malaria transmission and its health implications to the change in biodiversity.
Section 3 presents the materials and methods which consist of study site and population, data
collection and source and factor analysis technique used for construction of hypothetical structural
equation models. Section 4 presents results and discussion. Section 5 concludes the paper by
providing the summary of our findings.

2. Ecosystem impact to malaria transmission

The malaria ecosystem comprises four main components namely: human host, mosquito’s vector,
parasites and environmental condition (see Figure 1). These components are very dynamics in nature
due to the inherent characteristics of ecology and the anticipatory change to biodiversity because of
global warming. The works by [8]-[10] reported that ecological changes would adversely affect
human health in some ways that are both obvious and obscure. However, the growing evidence also
suggests that due to the rise in temperature because of the anticipated global warming, some
previously unexposed regions of malaria transmission would have 50% chance of experiencing its
due to the link between malaria incidence and ecological factors [11]. The relationship between
environmental changes and human health cannot be overemphasized because of the inherent
variability and complexity of human nature. In many circumstances, grasslands and forest are
converted for agriculture to reduce communicable disease, including wetland drainage for prevention
and control of malaria [10].
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Figurel. Architecture of malaria transmission ecosystem for the prevention and control of its scourge.

These activities can either lead to an unintended negative health effects or succeeding in the designed
purpose. Also, transforming forest to augment food production, which in the long run may leads to
creating a suitable environment for disease-causing agents’ e.g. mosquito for malaria transmission
[12].

3. Materials and Methods

In this section, we present the general methodology used in data collection, technique for data
presentation and the reference statistical tools for analysis.

3.1 Study site and population

Ejisu-Juaben Municipal has a population of 143,762 [13], lies within latitudes 1°15/N and 1°45/N
also with longitudes 6°15/W and 7°00!'W and occupies a land area of 582.5km?[14]. The
vegetation of the municipal is a typical semi-deciduous forest (see Figure 2a), with undulating
topography and low altitude of about 240m-300m above the sea level [14]. Also, the rainfall pattern
of the area is bi-modal (i.e., two distinct seasons in a year), characterized by major and minor rainfall.
The major rainfall begins from March to July with average annual rainfall between 1200mm-—
1500mm, while the minor rainfall begins in September and tapers off in November with annual
average of 900mm-1120mm. Usually, December through February is hot, dry and dusty with mean
annual temperature 25°C-32°C, and the relative humidity is moderately high during the rainy
seasons [14]. Figure 2b presents the map of Ejisu-Juaben Municipal, which is indicated by the large
dark-shaded portion.
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Figure 2. Representation of physical features of the area under the study describing: (a) The vegetation of study area is a

typical semi-deciduous forest, and (b) The map of Ejisu-Juaben Municipal, the Ashanti Region of Ghana, retrieved in [14].
3.2 Data collection and source

A total of 85,627 confirmed diagnosed cases of malaria incidence over the period of five years (2009
to 2013) was retrieved from the literature in [15]. The distribution of malaria cases as reported in [15]
of the study area shows an indication of high malaria incidence. We also use meteorological data
obtained from satellite through the link http://globalweather.tamu.edu/. The boundary metrics of
latitude 6.7989°N to 6.6823°S and longitude —1.5656°W to —1.4186°E are used to determine
the location of the study area on the satellite globe map. Within the demarcation, one weather station
was found, and used to generate data on the meteorological variables of interest.

3.3 Factor analysis

Exploratory factor analysis (EFA) is one of the techniques for factor analysis (FA). It is primarily
used in statistics to describe variance among observed correlated variables in terms of potentially
smaller number of unobserved variables, usually referred to as factors [17]. In this work, EFA was
employed to search for confounding ecological factors that are latent [8], [17] from the set of observed
meteorological variables.

3.4 Structural equation modeling

Structural equation model (SEM) is a very popular technique that has multidisciplinary applications.
The SEM combines together both the measurement model and the structural model [18]-[20]. In
Figure 3a, we present the complex hypothetical SEM showing causal relationship between malaria
incidence and latent ecological factors together with their observed variables. We used ellipse shapes
to represents latent factors, while the observed variables are represented by rectangular shapes. In the
following we demonstrate the SEM technique using simple mathematical sketches in which the
observed variables can modeled as a linear combination of the potential factors plus error terms.
Mathematical representations for Figure 3b are given as follows:
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Figure 3. Representation of structural model showing: (a) The structural model that depicts the hypothetical relationship
between malaria incidence and meteorological variables, and (b) The structural model that outlines the relationship among

malaria incidence, hidden ecological factors and observed meteorological variables.

Factor | = A; ;(minimum temperature) + A4, ,(relative humidity) + (1)
p12(Factor 1) + y;(malaria incidence) + e;

Factor Il = 4, ;(maximum temperature) + A4, (solar radiation) + S, 3(Factor I11) 2
+ y,(malaria incidence) + e,

Factor 11 = A3 ;(precipitation) + A3 ,(wind speed) + ys(malaria incidence) + e3 3
3.5 Construction of PLS-PM

The technique called partial least squares path modeling (PLS-PM) or partial least squares structural
equation modeling (PLS-SEM) was chosen due to its characteristics in terms of: small sample, non-
normality, multi-dimension, and multicollinearity [21]-[23]. We extracted three hidden factors using
EFA, and subsequently invoked PLS-PM and constructed SEM (see Figure 3b). The PLS-PM is a
component-based estimation technique that uses iteration algorithm, separately analyzes the blocks
of the measurement model and estimates the path coefficients in the structural model [21]. For the
analysis, we used R software and performed the PLS-PM, in which the path weighting schemes were
implemented for the inner estimate of the standardized latent variable. In the PLS technique, the
default sample number for bootstrapping analysis was set to 500 selection. Also, the PLS-PM latent
variable scores were expressed as a linear combination of their observed variables and treated as an
error-free substitute for the observed variables [21].

4. Results and Discussion

The conceptual SEM presented in Figure 3 shows the hypothetical causal relationship between latent
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(hidden) variables and observed meteorological (manifest) variables to the occurrence of malaria
incidence. For the extraction of confounding hidden variables, we performed factor analysis using
exploratory factor analysis (EFA) [17]. From the results, three hidden factors were identified namely:
Factor | (related to minimum temperature and relative humidity), Factor 1l (related to maximum
temperature and solar radiation) and Factor 111 (related to precipitation and wind speed), respectively.
The identified factors are accounted for 64% of the total variance, and at o= 5% level of significance,
x%=13.91, df = 8, p—value = 0.0841., This provides sufficient evidence to explain malaria incidence
in the study area. We also used Kaiser Criterion and Cattel scree plots, which reconfirmed three
hidden ecological factors to the incidence of malaria.

In Table 1, we present Pearson’s cross-correlation between meteorological variables and occurrence
of malaria incidence at various lag effects from 0 to 3 months. The result showed that maximum
temperature, minimum temperature, and relative humidity were related to the malaria incidence at
lagged effects of 1 month in advance except precipitation which has negative association in the study
area. This result is attributed to the bi-modal rainfall which washes out egg and larval stages of
mosquitos’ life cycle. We found that the preceding result is consistent with other relevant studies on
the influence of meteorological variables to the malaria incidence [24]. The 1 month time lag in the
study area is sufficient to capture the pattern of malaria transmission for various strains of plasmodium
parasites with definite lengths of extrinsic incubation period (EIP). The period usually takes about
10-15 days [25] and temporally varies over location, parasites species and climatic resolution. The
other important summary statistics are also presented in Table 1, which shows the distributional
pattern of the climate indicator of malaria incidence and variance inflation factor (VIF). This VIF use
to describe how much multicollinearity (correlation between predictors) exists in a set of predictor
variables. From Table 1, the minimum temperature and relative humidity are having VIF of 8.7919
and 9.0065 that gives high degree of multicollinearity factor. Other statistics like kurtosis and standard
error describe the meteorological variables distribution.

Table 1. Cross-correlation between meteorological variables and malaria incidence together with
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some other statistical indices.

Variables Lag0 Lagl Lag 2 VIF Kurtosis  Standard error
Maximum temperature 0.284  0.321** 0.092 24096 5.48 0.38
Minimum temperature -0.122  0.215** -0.237 8.7919 2.07 0.33
Precipitation -0.214  -0.292* -0.155 14194 20.73 0.27
Relative humidity -0.134  0.254** -0.198 9.0065 1.42 0.02
Solar radiation - - - 1.9000 6.73 0.50
Wind speed - - - 1.3452 -0.58 0.04

* the negative association between meteorological variables and malaria incidence at lag 1.
** the positive association between meteorological variables and malaria incidence at lag 1.

In Table 2, we show the results of factors score estimates for path coefficients used in PLS-PM and
evaluated using three different weighting schemes. We observed that Centroid (A) converges faster
after 12 iterations, while factorial (B) and path weighting (C) converge after 15 iterations. This shows
that Centroid is more robust than factorial and path-weighting schemes.

Table 2. Factor scores for path coefficients in the PLS-PM using three weighting schemes.

Measurement/ Structural Parameter ~ Estimate Centroid Factorial Path-weighting
model (A) (B) ©)
Min. temp.« Factor | A1 0.9479 0.9479 0.9495 0.9495
Rel. hum. « Factor | A2 0.9910 0.9910 0.9903 0.9903
Max. temp.<Factor Il A2 0.8816 0.8816 0.8675 0.8675
Solar rad. « Factor Il A2z 0.8735 0.8735 0.8873 0.8873
Precip. « Factor Il Y 0.9849 0.9849 0.9852 0.9852
Wind sp. « Factor
IFactor | — Factor Il A3 0.0017 0.0017 0. 0031 0.0031
Bi,2 -0.3248 -0.3248 -0.3302 -0.3302
Factor Il — Factor Il P23 -0.2774 -0.2774 -0.2690 -0.2690
Factor I — Mal. Inci. Y1 0.9700 - - -
Factor Il - Mal. Inci. Y2 0.7700 - - -

Factor Il —» Mal. Inci. Y3 0.4900 - - -
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Table 3 presents the results of bootstrapping sampling for outer loading of the observed variables and
path coefficient of the latent variables in the PLS-PM. The results show that all outer loadings and
path coefficients are significant at (o = 5%), except for the solar radiation, precipitation and wind
speed which contain zero-point in the bootstrap confidence interval. Furthermore, the interaction
effects of the Factors between (I and 11, 1l and II1) were also investigated and the results show that
none of the combination is significant to the incidence of malaria in the study area.

Table 3. Bootstrapping test of outer loadings and path coefficients in the PLS-PM.

Measurement/Structural Parameter Estimate  Bias Standard 95% 95%
model error Lower ClI  Upper CI

Min. temp. « Factor | Mg 0.9495 - 0.0442 0.8410 0.9940
0.0107

Rel. humid « Factor | A2 0.9903 - 0.0132 0.9570 1.0000
0.0031

Max.temp. « Factor Il Azq 0.8675 - 0.1037 0.6010 0.9880
0.0042

Solar rad. « Factor Il Azn 0.8873 - 0.1790 0.3860 0.9780
0.0492

Precip. « Factor Il A3 0.9852 - 0.3975 -0.5500 1.0000
0.1709

Wind sp. « Factor Il A3z 0.0031 0.1360 0.4018 -0.6000 0.9350

Factor I — Factor Il P12 -0.3302 - 0.1675 -0.5680 0.1690
0.0346

Factor Il — Factor 11l P23 -0.2690 - 0.2269 -0.6260 0.3140
0.0373

The decision for selecting the most influential hidden ecological factor to the incidence of malaria is
based on the communality and Dillon-Goldstein’s indices. Furthermore, Table 4 summarizes the
results indicating some indices for selecting the hidden ecological factors to the high incidence of
malaria in the study area. Among the three factors identified by EFA, we find that Factor I, indicated
by minimum temperature and relative humidity, influences malaria transmission with communality
index (0.94) and Dillon-Goldstein’s p (0.97). This result is also consistent with the finding in [26],
where positive association exists between temperature and occurrence of dengue. Factor Il and Factor
111 appear to have less influence to the malaria incidence.

Table 4. The indices for selection of the ecological hidden factor of high malaria incidence in the
study.

Factor Reflective variables Communality Dillon-Goldstein’s p

I 2 0.94™ 0.97™
1 2 0.77 0.87
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I 2 0.49 0.49
“ the most significant hidden factor indicator to the high incidence of malaria in the study area

5. Conclusion

This study has provided an overview on ecosystem for malaria modeling and proposed a new
framework for the study of malaria transmission ecosystem for prevention and control of its scourge.
Also, the framework would enable us assessing and identifying a hidden factor that leads to high
malaria incidence in the study area. Our data analysis results have suggested that the minimum
temperature and relative humidity, which are related Factor I, have positive association with the
incidence of malaria in the study area. The other observed variables like maximum temperature, solar
radiation, precipitation and wind speed, which are related to hidden Factor Il and Factor 1, appear
to have mildly influenced malaria incidence.
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