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Abstract

Background: Malaria remains a major public health challenge in Uganda, particularly among children under five years of age.
Between 2019 and 2023, the prevalence increased with age, from 3% in infants under six months to 12% in children aged 48—
59 months, and was markedly higher in rural areas (11%) than in urban areas (3%). However, analysis of the data on malaria has
been focused on a single variable, while the impact of climate variation on malaria is over several factors and over time. This
study assesses the temporal patterns of climate variability and malaria incidence among children aged 0-5 years in Uganda using
a time series analysis. Methods: The study analysed 150 monthly time series records from 2015 to 2022. It used the Vector Error
Correction Model (VECM), which allows examination of both short-term changes and long-term relationships among variables.
The variables included confirmed malaria cases in children under five years, rainfall, minimum and maximum temperatures, and
vegetation cover. Data were obtained from the Ministry of Health/DHIS2, NASA Earth Data, CHIRPS, and NASA EOSDIS.
Results: The results revealed significant long-term relationships and short-term feedback mechanisms between malaria incidence
and climatic factors. The error correction term (ECT) for malaria was -0.006, indicating a slow adjustment to equilibrium. In
contrast, rainfall, minimum temperature, and the Normalized Difference Vegetation Index (NDVI) showed correction behaviours,
adjusting upward following deviations. Short-term changing aspects revealed that previous values of malaria cases among
children under five years (coefficient = 0.091) and rainfall (coefficient = 0.061) positively influenced current malaria trends. The
minimum temperature displayed strong autocorrelation (coefficient = 0.810), whereas the NDVI showed a large short-term
response (coefficient = 140.100), highlighting its sensitivity to environmental shifts. Maximum temperature had a negative short-
term association with malaria incidences (coefficient = -0.259), suggesting inverse seasonal effects. Conclusions: The study
reveals significant short-term and long-term interactions among malaria cases among children under five years, rainfall,
temperature, and NDVI. The presence of statistically significant error correction terms indicates that the system adjusts to restore
equilibrium following deviations, with malaria cases among children under five years exhibiting consistent correction. Lagged
coefficients show that past changes, particularly in minimum temperature and NDVI, exert a strong influence on current
conditions.
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1. Introduction

Malaria remains a public health concern worldwide, with
nearly half of the world’s population at risk. In 2022 alone, an
estimated 249 million people contracted malaria across 85
countries [1, 2]. Approximately 608,000 malaria-related
deaths were recorded that same year [3]. It is apparent that the
tropical region, especially Africa and Asia, shoulders much of
the burden [4]. Particularly in sub-Saharan Africa, which ac-
counted for 93% of all malaria deaths globally in 2022 [5]. In
2020, the region was home to 95% of all malaria cases among
children under five years and 96% of malaria-related deaths.
Children under five years of age remain the most vulnerable,
accounting for nearly 80% of these deaths [6]. Spatial dispar-
ities are evident within the region. The four African countries
of Nigeria, the Democratic Republic of Congo (DRC), Tanza-
nia, and Mozambique together accounted for over half of the
global malaria deaths [7], highlighting the uneven disease dis-
tribution. In contrast, countries such as Burundi and Swazi-
land accounted for less than 1% according to a study done in
the Democratic Republic of Congo [8]. Notably, 96% of ma-
laria-related deaths in the region occurred in children under
five years of age [9].

Uganda remains one of the countries with the highest malaria
burden. It ranks third in Africa and sixth globally in terms of
malaria-related mortality, reporting more than 16 million cases
and more than 10,000 deaths annually [10]. The country’s trop-
ical climate, with relatively stable temperatures and frequent
rainfall, supports year-round malaria transmission, particularly
in lowland and rural areas. Approximately 95% of the popula-
tion lives in malaria-endemic zones, with transmission risks
varying by region [11]. According to the Uganda Malaria Indi-
cator Survey (2018-2019), 9% of children under five tested
positive for malaria parasites [12]. The prevalence increased
with age, from 3% in infants under six months to 12% in chil-
dren aged 48-59 months, and was markedly higher in rural
(11%) than in urban (3%) settings. Regionally, Karamoja had
the highest prevalence (34%), followed by West Nile (22%) and
Busoga (21%), whereas areas such as Kampala and Kigezi re-
ported less than 1% prevalence [13]. These disparities are partly
accounted for by variability in the patterns of weather factors,
which have a direct impact on the survivorship, longevity, and
distribution of Anopheles gambiae, the primary mosquito vec-
tor of malaria.

Environmental and climatic variables such as rainfall, tem-
perature, and vegetation cover are known to significantly in-
fluence malaria transmission by affecting the survival, breed-
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ing, and biting behaviour of Anopheles mosquitoes [14]. Rain-
fall creates breeding grounds through the formation of stag-
nant water pools, which are ideal for mosquito larval develop-
ment [15]. However, excessive rainfall can also wash away
larvae and breeding habitats, making the relationship nonlin-
ear [16]. Minimum temperature plays a critical role in the mat-
uration of mosquito larvae and the sporogonic development of
Plasmodium parasites within the mosquito. When minimum
night temperatures remain above 16°C, it enhances vector sur-
vival and increases malaria risk [17]. On the other hand, max-
imum temperatures, when moderately high (approximately
30-32°C), accelerate the mosquito’s life cycle and the devel-
opment of the malaria parasite, thereby shortening the trans-
mission cycle [18]. However, extreme heat (above 35°C) may
reduce vector survival [19].

Additionally, vegetation cover, measured via the normal-
ized difference vegetation index (NDVI), is closely linked to
malaria risk. Dense vegetation provides favourable resting and
hiding habitats for adult mosquitoes and contributes to main-
taining humid microenvironments that extend vector survival
[20]. Studies have shown a strong association between high
NDVI values and increased malaria incidence, especially in
rural and semi-forested regions [21].

Malaria imposes a significant socioeconomic burden on
Ugandan households and the national economy. Direct costs,
such as consultation fees, drugs, transport, and care, are com-
pounded by indirect costs, including the loss of workdays, re-
duced productivity, and impaired educational outcomes [22].
A single malaria episode costs an average household $26,
which amounts to $78 annually for families experiencing three
episodes, representing 3% of their income. Poor households
in endemic regions may spend up to 25% of their income on
prevention and treatment, further aggravating poverty. Among
children under five, the annual economic impact is estimated
at $614 million, with $57.7 million attributed to direct medical
costs [23].

In addition to individual and household impacts, malaria
undermines national development by reducing agricultural
and industrial productivity and discouraging foreign invest-
ment [24]. Severe malaria also impairs cognitive development
in children by up to 60%, weakening human capital and hin-
dering the performance of Uganda’s universal education pro-
grams [25, 26].

Moreover, many current interventions do not adequately re-
flect region-specific climatic and ecological drivers of malaria
transmission [27]. High-prevalence regions, such as Karamoja,
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West Nile, and Busoga, remain underserved, with intervention
strategies not tailored to their unique environmental profiles.
This limits Uganda's ability to implement climate-sensitive
and evidence-based malaria control programmes, even as cli-
mate change increasingly alters the dynamics of malaria trans-
mission across time and space.

Understanding the complex interplay between climate fac-
tors and malaria incidence is critical for informing timely and
effective public health interventions. Malaria transmission is
influenced by a combination of climatic conditions, such as
rainfall and temperature, and ecological indicators like the
vegetation cover, which together affect mosquito breeding,
parasite development, and human exposure risk [28]. Analys-
ing these variables in isolation often fails to capture the dy-
namic and interdependent nature of their effects over time.

To address this, the study employed a time series analysis
using the Vector Error Correction Model (VECM), a robust
econometric technique designed to examine both short-term
dynamics and long-term equilibrium relationships among
multiple time series variables that are co-integrated. The short-
term changing dynamics refer to seasonal or inter-annual var-
iations in climate factors such as rainfall, temperature, or veg-
etation cover that trigger immediate fluctuations in mosquito
breeding and malaria transmission. For instance, a surge in
rainfall during a particular season may lead to a temporary in-
crease in mosquito populations and malaria cases. In contrast,
long-term relationships capture the sustained or equilibrium
linkages between climate variables and malaria prevalence
that persist over extended periods, reflecting how gradual
shifts such as rising average temperatures or long-term vege-
tation changes shape the overall dynamics and geographic dis-
tribution of malaria transmission.

Unlike standard regression models, the VECM accounts for
the influence of past values (lags) of each variable and in-
cludes an error correction term that measures how quickly the
system returns to equilibrium after experiencing a disturbance.
This makes it relevant for epidemiological studies, where de-
layed effects and interactions among climate variables are
common.

2. Objective

This study assesses the temporal patterns of climate varia-
bility and malaria incidence among children aged 0-5 years in
Uganda using a time series analysis.

3. Materials and Methods

3.1. Study Design

The study used a retrospective time series design. This was
based on 150 confirmed malaria cases among children under
five years and climate variables, including maximum temper-
ature, minimum temperature, and vegetation cover.
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3.2. Data Sources

The study used secondary data from January 2015 to De-

cember 2022 as follows.

1) For the Uganda National Meteorological Authority
(UNMA), we obtained data on climate variables, includ-
ing rainfall and temperature.

2) For the Uganda Ministry of Health (MoH), we obtained
data on confirmed malaria cases among children under
the age of five.

3) Satellite data (vegetation indices: NDVI), from which
we obtained data on vegetation cover.

3.3. Selection Criteria

The study covered four regions: West Nile, Karamoja,
Ankole, and South-Central. The selection of the regions was
based on data from the Uganda malaria indicator survey of
2019, which revealed that the West Nile and Karamoja regions
had the highest incidence rates of malaria and that southern
Buganda and Ankole had the lowest incidence rates of malaria
among children under five years of age.

The study considered thirteen districts in all four regions.
These were selected on the basis of the load of malaria cases
among children under five years reported by the Ministry of
Health. Three districts were selected from each region, two
with high loads and one with a lower load.

3.4. Variables and Their Measurement

Records for malaria cases of children under the age of five
years were sourced from the District Health Information Sys-
tem (DHIS2), MoH. In Uganda, all health facilities are re-
quired to submit monthly reports from their out-patients de-
partment (OPD) registers on all reported diseases to the De-
partment of Health information of the Ministry of Health
(MoH). Health facilities are either private-for-profit (PFP) or
public, comprised of the government-owned and private-not-
for-profit (PNFP) facilities. Health Management Information
System (HMIS) was introduced in 1997 as a paper-based re-
porting system from each health facility to the Ministry of
Health. In 2012, however, a web-based reporting version, the
DHIS-2, was implemented with full roll-out across the coun-
try in 2013. For this study, HMIS data consisted of monthly
counts of all reported and confirmed malaria cases for children
0-5 years from study facilities. Confirmed malaria cases were
laboratory confirmed cases using either blood slide micros-
copy (B/S) or Rapid Diagnostic Test for malaria (RDT) as per
national guidelines. This study used data for the confirmed
malaria cases for children under the age of five years. The re-
searcher used point data for malaria cases among children un-
der five years from the health facilities that are reported
monthly using the HMIS and DHIS-2. This data is what is pre-
sented in the analysis for this paper. The results presented did
not have the population denominator; rather, they are point
data as reported from the health facilities. This data covered
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the districts of West Nile, Karamoja, Ankole, and South-cen-
tral.

Vegetation cover data were obtained from the Moderate
Resolution Imaging Spectroradiometer (MODIS) at a spatial
resolution of 250 m. For each health facility, the MODIS pixel
corresponding to its geographic coordinates was extracted.
Rainfall data were sourced from the Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS) at 0.05°
(~5 km) resolution, with values extracted for the pixel con-
taining each facility. Temperature data were obtained from the
European Centre for Medium-Range Weather Forecasts
(ECMWF) Reanalysis 5 (ERAS) reanalysis dataset at 0.1° (~9
km) resolution, with facility-specific pixel values extracted.
Weather station temperature and rainfall data were used in
place of satellite-derived data under the following conditions:

1) When cloud cover, missing scenes, or retrieval errors re-
sulted in gaps in the satellite dataset for specific days or
locations.

2) When a facility was located within 10 km of a weather
station with complete daily records, the ground observa-
tion was considered more accurate for local conditions.

3) For validation purposes, where both sources were avail-
able, weather station data were used to cross-check sat-
ellite values and adjust for bias through statistical stand-
ardization.

The climate data and malaria data were aligned to cover the

same time span. Both datasets were aggregated to be in the

monthly period over the same period of study from 2015-2022.

The data was collected from the regions of Karamoja, West
Nile, South Central, and Ankole. Both datasets were aligned
to a common coordinate system (latitude/longitude) at the
health facilities for accurate spatial integration.

3.5. Data Processing and Standardization

Before integrating the datasets, both climate and malaria
data were processed in compatible formats to cover the same
time periods and spatial locations. Climate data and malaria
data were aligned to cover the same time span. Both data sets
were aggregated to be in the monthly period over the same
period of study from 2015 to 2022. Both datasets were aligned
to a common coordinate system (latitude/longitude) for accu-
rate spatial integration.

3.6. Data Analysis

Time series analysis was used to identify the magnitude and
direction of the relationship between malaria and climate var-
iability. Three stages of analysis were adopted to facilitate the
achievement of this objective. There was a visualization of the

time series data. This was in the form of trends and seasonality.

This helped to identify any upward or downward trends and
recurring seasonal effects.

Time-Series Analysis Procedures

Stationarity tests
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Ensuring stationarity in time series data is essential for ac-
curate statistical analysis. Non-stationary variables can pro-
duce misleading regression results, affecting statistical signif-
icance, R and Durbin—Watson values [29]. A stationary
time series maintains a constant mean, variance, and covari-
ance over time, with temporary shocks dissipating [30]. To de-
tect non-stationary, the augmented Dickey—Fuller (ADF) test
is applied [31]. This test, an improvement over the standard
Dickey—Fuller test, is more effective for large samples. It ex-
amines the null hypothesis that a unit root exists (indicating
non-stationary) against the alternative hypothesis of station-
arity. The malaria and climate data are tested via the ADF
model, which incorporates both a constant term and a trend
component, as represented by the following equation:

Ay, = a+yye_y + B + X1 00y pte, (1)

Where Ay,_y; — y:_q0.is a constant, 1 is a coefficient on
a time trend, p is the lag in the autoregressive process that
ranges from 1 to m, m=t-p+1, and &, is the error term.

Autocorrelation plots (ACFs) serve as useful tools for as-
sessing stationarity. If the time series exhibits significant cor-
relations at multiple lags, it suggests the presence of trends or
seasonality, indicating non-stationarity. A stationary time se-
ries typically shows a rapid decline in autocorrelation,
whereas a non-stationary series exhibits a gradual decrease.

ACEF plots also aid in determining the differencing order re-
quired to achieve stationarity and can help identify the order
of the moving average (MA) process. Similarly, partial auto-
correlation function (PACF) plots measure the direct correla-
tion between a variable and its lags, excluding intermediate
effects. This is particularly useful in determining the order of
the autoregressive (AR) process. In Stata, the ACF and PACF
plots include 95% significance boundaries, represented by
blue dotted lines, providing a clear visual reference for as-
sessing the stationarity of the data.

Optimum lag selection

Determining the optimal lag length is crucial for accurate
econometric analysis, as it influences the causality direction
and model precision. Selecting too few lags can lead to auto-
correlated errors, whereas too many lags can increase forecast
errors [32]. Several criteria aid in lag selection, including the
Akaike information criterion (AIC), Schwarz-Bayesian infor-
mation criterion (SIC), Hannan-Quinn information criterion
(HQ), and final prediction error (FPE). AIC and FPE are pre-
ferred for small samples, whereas SIC and HQ are better for
large samples because of their consistency in selecting the cor-
rect model order [33]. The study will compare these criteria
and select the lag length that minimizes the chosen metric, en-
suring a balance between model simplicity and forecasting ac-
curacy. The specifications for each criterion are presented be-
low:

Akaike information criterion (AIC):

AIC= In|S(p)| + =pn? @)
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The Schwarz-Bayesian information criterion (SIC):

SICy= In|S(p)| + 5 pn? 3)
Hannan-Quinn information criterion (HQ):
HQy= In|S(p)[+*5pn? @)
Final prediction error (FPE):
FPE,= In (62) (T+p) T-p)’! %)

Where Si(p) =T '¥I_, &£ is a covariance matrix
for residuals from a VAR (p) without correcting for degrees of
freedom; T is the sample size, 62=n—p —171Y~, &;
& are residuals in the model; and p is the lag order, where n
is the number of observations [33].

In this study, these criteria are compared in the analysis, and
the criterion with the least optimal lag is selected for further
analysis. This approach is necessary to maintain a balance be-
tween the principles of parsimony and forecasting, which is
the focus of this study.

Co-integration tests

Johansen’s test for co-integration is a statistical method de-
signed to identify long-run equilibrium relationships among
multiple time series, even if the series themselves are non-sta-
tionary. The test was performed via the Johansen trace and
maximal eigenvalue tests of cointegration [34]. This test tests
whether the dependent and independent variables have long-
run associations or a common stochastic trend. This test is
used to determine the presence of co-integration among vari-
ables and detect the number of co-integrating relationships
among the variables in the simultaneous system of equations.
The general Johansen test is based on the null hypothesis that
there is no co-integration, in contrast to the alternative in
which there is co-integration. The Johansen test is based on 2
tests, namely, the trace statistic test and the maximum eigen-
value test. For the trace statistic test, the likelihood statistic is
given by

LKy () = - (Tp)SEpylnln 1=4)  (6)

The null hypothesis Ho: Rank (IT) = m is tested against the
alternative hypothesis Ha: Rank (I7) > m. If m=0, then there
is no co-integration, and if m>1, it implies that there is at least
one co-integrating equation. The null hypothesis is rejected
when LKy (m) is large.

For the maximum eigenvalue test, the statistic is given by

LK () = - (T-p) In (1-A,1,,) )

The null hypothesis Ho: Rank (IT) = m is tested against the
alternative hypothesis Ha: Rank (IT) = m+1. If m=0, then there
is no cointegration, and if m=1, it implies that there is one
cointegrating equation. The null hypothesis is rejected when
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LKmax (m) is large. This can be achieved by combining the
results from the trace and maximum eigenvectors because
both the trace and the Max-Eigen test statistics are equally ef-
ficient. If the variables are co-integrated, the researcher will
use the VECM; however, if the variables are not co-integrated,
the researcher will use the Vector Autoregression (VAR)
model.

Model estimation

When the time series variables are co-integrated, the VAR
model is extended to include the error term that captures long
term relationships. The Error Correction term (ECM), which
is also the co-integrating term, estimates the rate at which a
dependent variable converges back to equilibrium, due to
changes in other variables Johansen (1995). The Vector Error
Correction Model (VECM) is hence obtained. A Vector error
correction model (VECM) is a type of the VAR model, also
referred to as the restricted VAR, which is specially used when
variables are stationary at first difference or even second dif-
ference, and are co-integrated.

To achieve the objective of the study, the researcher used
the vector error correction model (VECM): The final model
was fitted after understanding the optimal lag length and es-
tablishing the number of co-integrating equations as ex-
plained above. When the time series variables are co-inte-
grated, the VAR model is extended to include the error term
that captures long-term relationships. The error correction
(ECM) term, which is also a co-integrating term, estimates
the rate at which a dependent variable converges back to
equilibrium due to changes in other variables [35]. The vec-
tor error correction model (VECM) is hence obtained in the
equation (8).

Ax, =v+ Mx,_tY0 ) &7 Ax,_; + & (8)

Where [1 = - (I-®;- O,..., -®p)=- O(1); [ is an identity ma-
trix; ;= -Zf=j+1
where Rank (IT)= m; 0<m<k; IT (a k x k matrix) is considered
equal to af’, with o being a (k x m) matrix of Eigenvalues,
m, that are cointegrating vectors; 3 being a (k x m)’ matrix of
Eigenvalues, m, that are adjusting vectors; IIx;_; represents
the lagged error-correction term that explains the long-run re-

(Di;jzl,..., p'l

lationship; 21;—11 &/ Ax,_; explains the short-run relationship
between the variables; i=1,..., k-1 is the number of optimal
lags; A is the first difference; and @; is a matrix of coeffi-
cients that explain the short-run dynamics in the system.

3.7. Ethical Approval

Ethical approval was sought from Mulago Hospital Re-
search and Ethics Committee under the number (MHREC-
2910). Administrative approval was obtained from Makerere
University and the Ministry of Health before data was ob-
tained from the Ministry.
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4. Results

4.1. Presentation of Summery Statistics

Analysis was conducted on a total of 44,624 observations
collected monthly over 8 years (2015-2022). The outcome

Variable

variable was the total number of malaria cases among children
under five, treated as a count variable, along with variables
such as total rainfall, minimum and maximum temperatures,
and vegetation cover. The data was obtained from thirteen dis-
tricts spread across four regions in Uganda. Table 1 shows the
summary statistics for each variable by district.

Table 1. Summary of Variables and their measurements.

Measurement Method

Dependent variable

Malaria Inci-
dence

Confirmed malaria cases among children 0-5

years per health facility

Independent variables

Vegetation
Cover

Rainfall

Temperature

NIR- Near-infrared, RED- Red region of the electromagnetic spectrum, MODIS- Moderate Resolution Imaging Spectroradiometer, NDVI-
Normalized Difference Vegetation Index, CHIRPS-Climate Hazards Group InfraRed Precipitation with Station data.

Adjumani
Bukomansimbi
Gomba
Isingiro
Kiruhura
Koboko
Kotido
Lwengo
Nabilatuk
Napak
Rwampara
Wakiso
Yumbe

Derived from satellite reflectance (NIR and

RED bands)

Measured via satellite-based precipitation esti-

mates and ground stations

Measured via satellite or ground-based meteor-

ological stations

Data Source

Local Health Cen-

ters

MODIS

CHIRPS, Weather

Stations

ERA 5, Weather
Stations

Units of measurement

Confirmed cases among
children 0-5 years

NDVI (-1 to +1)

mm (month)

°C, minimum and maxi-

mum

Table 2. Summary Statistics for Variables under study by district.

Malaria Cases among
children 0-5 years

168
28
27
34
16
150
141
36
196
130
6
60
214

Source: Analysis from the Research data

Total rainfall
amounts (MM)

99.313
98.255
103.371
78.456
78.702
112.091
64.08
97.415
82.832
81.135
61.739
118.267
102.461

Minimum Tempera-
ture (°C)

18.702
16.710
16.485
14.533
14.738
17.738
16.367
16.491
17.131
16.675
10.294
18.106
18.576

67

32.95
26.98
28.058
27.61
27.239
30.639
30.716
27.539
32.34
31.329
19.749
27.896
32.199

Spatial Resolution

250m

0.05°

0.1/9km

Maximum Tempera-
ture (°C)

NDVI (-1 to

+1)

0.514
0.556
0.580
0.504
0.515
0.480
0.351
0.487
0.435
0.407
0.411
0.464
0.499
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Table 2 shows the summary statistics for variables by dis-
trict. The study was done in the regions of Karamoja, Ankole,
West Nile, and South Central. The results show a considerable
variation by districts: for instance, West Nile (Yumbe) and
Karamoja (Nabilatuk) have high malaria cases among chil-
dren under five years, while Ankole (Rwampara) has the low-

est. Rainfall also varies, with South Central (Wakiso) receiv-
ing the most amount of rainfall, while Karamoja (Kotido) has
the least amount of rainfall. Temperature ranges are broad,
with higher temperatures generally observed in areas with
more malaria cases among children under five years, possibly
indicating a relationship between these factors.

Table 3. Summary Statistics for Analysis Variables by Year.

Malaria cases for children 0-5 years

2015 717 91.879
2016 85 83.76
2017 84 91.899
2018 75 104.899
2019 88 108.216
2020 94 111.034
2021 87 87.04
2022 95 95.201

Source: Analysis from the Research data

LEGEND
N Very Low Case Count Il Low Case Count

rainfall amounts

‘bv\i -

Moderate Case Count §

Minimum Temperature Maximum Temperature NDVI
16.105 30.019 0.523
16.207 30.244 0.509
16.213 30.284 0.512
15.941 29.58 0.519
16.504 29.678 0.528
15.876 27.989 0.534
17.973 26.876 0.51

17.998 26.931 4094

J High Case Count Il Very High Case Count

Figure 1. Distribution of malaria cases among children under five years in the regions of study.
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Table 3 presents summary statistics by year. From the table,
the average number of malaria cases among children under
five years fluctuates, with a general increase observed from
2018 to 2022. Rainfall amounts also show variability, peaking
in 2019 and 2020. The minimum temperature remains rela-
tively stable, while the maximum temperature shows a gradual
decline from 2016 onward. The NDVI values suggest slight
changes in vegetation health, with a peak in 2020 followed by
a decrease in subsequent years, potentially indicating varia-
tions in environmental conditions over time. The map (Figure
1) shows key variations of malaria cases among children un-
der five years across the studied districts. The results show that
over time, Malaria cases among children under five years are
highest in the West Nile sub-region. In the central region, the
cases are highest in Wakiso District, while the Karamoja sub-
region revealed moderate to high incidence. The western re-
gion, specifically Ankole, registered the lowest cases for all
the years considered in this study.

Figure 1 presents the distribution of malaria cases among
children under five years across the study regions from 2015
to 2023. The results indicate that the West Nile region rec-
orded the highest malaria prevalence, followed by Karamoja

Malaria Cases par lotal number of Under five Children

and parts of South Buganda. These findings are consistent
with the Malaria Indicator Survey report, which also high-
lights these regions as having persistently high malaria burden.

4.2. Visualization of Time Series Trends of the
Variables

Figure 2 illustrates the trends of malaria cases among chil-
dren under five years in relation to rainfall, showing notable
peaks in malaria episodes between March—June and August—
October. These peaks occur following the onset of rains in
February, corresponding to the two-month lag period indi-
cated in Figure 2. This confirms that the strongest effect of
rainfall on malaria incidence is typically observed 3—-6 weeks
after the onset of rain. The peaks consistently follow periods
of increased rainfall, particularly during the long rainy season
(March—-May) and, in some years, the shorter rainy season
(September—November). This pattern reflects the role of rain-
fall in creating favourable breeding sites for mosquitoes, the
primary vectors of malaria.
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Figure 2. Visualization of time series trends for Malaria Cases among children under five years and Rainfall.

69


http://www.sciencepg.com/journal/eeb

Ecology and Evolutionary Biology http://www.sciencepg.com/journal/eeb

Malaria Casas va. Tamperature

2013 20ve 2T 2oe
200
- n

150
§
gm 7‘&_“:3’ =< )&Q
i .
F o _3

]

1 B
E POFD 2021 037 E
B 200 s
B [x}
B 0
£y 150
F
.}

100

650

g B & _;l._,\-‘! 2 # # \ & & " " #
fﬁ,x\,;w«*‘?‘ﬁ‘j’”&ﬂ’\”h v ?}ﬁ~"&"¢f#\,ﬁ>>-\¢ 'ﬂj'f‘_’-\r&f \*‘-"’?a‘@@;@
3 o <
M
Variabls — Waisis Cases MaK Terporanss = Kiin Tempsrsture

Figure 3. Visualization of time series trends for Malaria Cases among children under five years and Temperature.
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Figure 4. Visualization of time series trends for Malaria Cases among children under five years and NDVI.
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The monthly trends from 2015 to 2022 (as shown in Figure
4) reveal a consistent seasonal pattern in malaria cases among
children under five years, with peak cases typically occurring
between April and August each year. Vegetation cover, as re-
flected by increased greenness (NDVI), also rises during
months of high malaria episodes. Since NDVI serves as a
proxy for environmental moisture and habitat suitability, this
pattern highlights its close association with rainfall. The ob-
served lag in NDVI response reflects the time required for
vegetation to flourish following rainfall events.

4.3. Seasonality

This section presents the results of the Friedman test for
seasonality conducted on all variables used in the analysis.
Understanding these seasonal trends is vital for interpreting
the temporal behaviour of environmental and climatic factors
before examining their interaction with malaria cases among

children under five years. It also clarifies the drivers of malaria
transmission, as factors such as temperature, rainfall, and veg-
etation directly influence mosquito breeding, survival, and hu-
man exposure.

Table 4 summarizes the Friedman test results for malaria
cases, total rainfall, minimum and maximum temperature, and
NDVI. The nonparametric test assessed whether these varia-
bles exhibited systematic seasonal patterns. Results show sta-
tistically significant seasonality for all variables, with test sta-
tistics ranging from 41.36 (malaria cases) to 55.3 (NDVI) and
p-values below 0.05, confirming recurring seasonal patterns
(“TRUE” in the seasonal column).

These findings highlight the need to account for seasonality
in subsequent analyses and models. Incorporating seasonal
components in regression or forecasting models ensures accu-
rate estimation and prediction, while ignoring them could lead
to biased or misleading interpretations, especially for climate-
sensitive variables like malaria cases and rainfall.

Table 4. Friedman test for seasonality.

Variable Fried Test Statistics p -value Seasonal
Malaria cases among children 0-5 years 41.36 0.0002 TRUE
Total Rainfall 49.24 0.0000 TRUE
Minimum Temperature 48.03 0.0000 TRUE
Maximum Temperature 45.18 0.0000 TRUE
NDVI 55.3 0.0000 TRUE

4.4. Testing for Stationarity Using the
Augmented Dickey—Fuller (ADF) Test

Table 5. Augmented Dicky—Fuller tests of unit roots and Phillips—
Perron (PP) tests.

ADF test
Variable

Levels p value
Malaria -3.447%* 0.0095
Rainfall -6.165%* 0.0000
Min Temp -4.645%* 0.0001
Max Temp -3.368** 0.0121
NDVI -4.424%* 0.0003

Testing for unit roots is a fundamental step in time series
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analysis to determine whether a series is stationary or non-sta-
tionary, which affects the validity of subsequent modelling
and forecasting. Common methods include the augmented
Dickey—Fuller (ADF) test, which checks for unit roots under
the null hypothesis of non-stationarity, and the Phillips—Per-
ron (PP) test, which is robust against heteroscedasticity and
autocorrelation. The process involves comparing test statistics
and P-values with critical values to assess stationarity. ldenti-
fying and addressing unit roots is crucial to ensure accurate
regression analysis, co-integration testing, and forecasting, as
it allows for necessary data transformations, such as differenc-
ing, to achieve stationarity and maintain the integrity of econ-
ometric models.

Table 5 shows the results of unit root tests (specifically, the
Dickey—Fuller test) conducted on time series data. The varia-
bles were not differenced because they were all stationary at
levels. If the test statistic in levels is lower than the critical
values, the null hypothesis of a unit root is rejected, suggesting
that the series is stationary in levels. Similarly, if the test sta-
tistic is not lower than the critical values, it indicates that the
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series likely has a unit root (i.e., it is non-stationary). The re-
sults of the unit root test, namely, the augmented Dickey—
Fuller (ADF), indicate that all the variables tested (Malaria,
Rainfall, Minimum Temperature, Maximum Temperature,
and NDVI) are stationary at their levels. For each variable, the
null hypothesis that the series has a unit root (non-stationary)
is rejected at the 5% significance level, as indicated by the sta-
tistically significant test statistics and p-values below 0.05.

4.5. Optimal Lag Length

Selecting the appropriate maximum lag length is a critical
step in time series analysis, particularly when testing for co-
integration via the Johansen test and estimating a vector error
correction model. The lag length determines how well the
model captures both short-term dynamics and long-term rela-
tionships among variables. An incorrect choice of lags can
lead to biased co-integration results, poor model performance,
or over-fitting, which is particularly problematic when the
goal is accurate forecasting. For this analysis, the Bayesian in-
formation criterion (BIC) was chosen as the preferred lag se-
lection criterion. BIC is well-suited for models where parsi-
mony is essential, as it imposes a stronger penalty for addi-
tional parameters than other criteria, such as the Akaike infor-
mation criterion (AIC).

Using the BIC to select the maximum lag length ensures
that the resulting Johansen test for co-integration is not influ-
enced by unnecessary lags while still capturing the key dy-
namics of the system. Furthermore, the selected lags provide
a solid foundation for estimating the VECM, which integrates
short-term adjustments and long-term equilibrium relation-
ships.

Table 6 provides lag selection results based on four com-
monly used criteria. The criteria suggest varying lag lengths.
The AIC selects lag 9 as optimal, favouring a more complex
model with more lags to maximize fit. On the other hand, the
HQ and BIC, which impose stronger penalties for additional
parameters, select lag 1 as the most parsimonious choice. The
FPE identifies lag 2 as optimal. These differences reflect the
trade-offs between model simplicity and the ability to capture
more dynamics: the AIC tends to favour longer lags, whereas
the HQ, BIC, and FPE lean toward parsimony or balance.

Table 6. Maximum lag selection.

Lag AIC HQ BSC FPE

1 8.930 9.274* 9.786* 7560.105
2 8.690 9.321 10.259 5983.009*
3 8.683 9.601 10.966 6030.261
4 8.668 9.874 11.665 6116.779
5 8.921 10.414 12.631 8256.021
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Lag AIC HQ BSC FPE

6 8.774 10.554 13.198 7658.325
7 8.864 10.931 14.001 9301.513
8 9.032 11.386 14.882 12735.289
9 8.350* 10.991 14.914 7867.202
10 8.095 11.024 15.373 8006.562

The Akaike information criterion (AIC), Hannan-Quinn criterion
(HQ), Bayesian information criterion (BSC), and final prediction er-
ror (FPE). Each criterion evaluates the performance of the model at
different lag lengths, balancing model fit and complexity.

For this study, the Bayesian information criterion (BSC),
which selects a lag of 1, is the most appropriate choice. BIC's
stronger penalization for over-fitting ensures that the model
remains robust and generalizes well to out-of-sample data.
While the FPE (lag 2) minimizes prediction error, the slight
increase in complexity compared with lag 1 may introduce un-
necessary lags. Thus, the selected lag length of 1 provides a
parsimonious and effective foundation for subsequent anal-
yses, such as the Johansen co-integration test and the vector
error correction model (VECM), ensuring accurate and relia-
ble forecasts.

The study considered biological plausibility when deter-
mining the optimal lag length. The study used monthly data,
so a lag of 2 corresponds to approximately 8 weeks. For in-
stance, following heavy rainfall, mosquito breeding sites form.
Mosquito larvae typically mature into adults within 10-14
days, and the malaria parasite requires about 10 days to de-
velop inside the mosquito before it can be transmitted. Thus,
the strongest effect of rainfall on malaria incidence would be
expected 3-6 weeks later. This process is accelerated by
warmer temperatures, while higher vegetation cover may in-
dicate more suitable mosquito breeding habitats and resting
sites.

4.6. Co-integration Test

The test assessed the presence of co-integration by evaluat-
ing the rank of the co-integration matrix via two test statistics:
the trace statistic, which sums the log-likelihood ratios of the
eigenvalues, and the maximum eigenvalue statistic, which
tests the null hypothesis of no co-integration against the pres-
ence of at least one co-integrating vector. This test is crucial
in multivariate time series models such as vector auto-regres-
sion (VAR) and vector error correction (VECM) models, as
detecting co-integration ensures proper modelling of long-
term relationships, enabling more accurate analysis and fore-
casting in fields such as economics, climatology, and agricul-
tural studies.
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Table 7. Co-integration test for the variables under study.

Rank Null Hypothesis  Alternative Hypothesis  Eigenvalue
0 r<0 r>0 0.532
1 r<1i r>1 0.373
2 r<2 r>2 0.216
3 r<3 r>3 0.146
4 r<4 r>4 0.028

Table 7 presents the results of the Johansen test for co-integra-
tion, showing the trace statistics for different ranks (r) along with
their corresponding eigenvalues and critical values. For each rank,
the test evaluates the null hypothesis that the number of co-integrat-
ing relationships is less than or equal to the rank against the alter-
native hypothesis that it is greater than the rank. For ranks 0 and 1,
the trace statistics (2.639 and 17.517) do not exceed the 5% critical
values (9.240 and 19.960), so the null hypothesis is not rejected,
indicating no significant co-integration at these levels. However,
for ranks 2 and higher, the trace statistics (40.430, 84.264, and
155.549) surpass the critical values (34.910, 53.120, and 76.070),
leading to the rejection of the null hypothesis. This suggests that
co-integration relationships become significant starting at rank 2,
with subsequent ranks confirming the presence of strong long-term
relationships among the variables under study. This further con-
firms the presence of at least two long-term equilibrium relation-
ships among malaria incidence and the climatic and environmental
variables. This finding implies that malaria transmission dynamics
are not governed by a single driver but are instead shaped by mul-
tiple stable interactions, such as the combined effects of rainfall,
temperature, and vegetation cover. In practical terms, malaria cases
are anchored to more than one consistent environmental pathway
over time. This highlights the complexity of malaria transmission

Trace Statistic 5% Critical Value  Co-integration Result
2.639 9.240 Not Rejected

17.517 19.960 Not Rejected

40.430 34910 Rejected

84.264 53.120 Rejected

155.549 76.070 Rejected

and underscores the need for integrated control strategies that ad-
dress multiple environmental determinants simultaneously, rather
than focusing narrowly on a single factor. This further justifies the
use of the VECM as the appropriate modelling approach to capture
the long-term relationships and short-term dynamics among the
variables included in the analysis.

4.7. Model Estimation Using the Vector Error
Correction Model (VECM)

The VECM results revealed both short-term dynamics and
long-term equilibrium relationships among malaria cases
among children under five years, rainfall, temperature (mini-
mum and maximum), and the NDVI. The error correction
term (ect. 1) highlights long-run adjustments, with small but
significant coefficients indicating the system's return to equi-
librium after deviations. The lag coefficients show that past
changes in variables such as malaria, rainfall, and temperature
strongly influence current states. These relationships under-
score the importance of seasonal interactions, climate patterns,
and vegetation dynamics, which are crucial for climate impact
assessments and effective intervention strategies in areas such
as epidemiology and agricultural planning.

Table 8. Vector Error Correction Model (VECM) Results.

Variable malaria rainfall
ectl -0.006 0.041
malaria.dl1 0.091 0.185
rainfall.dl1 0.061 -0.111
min_temp.dl1 0.810 8.928
max_temp.dl1 -0.259 7.969
NDVILdI1 140.100 197.800

Table 8 shows VECM results that reveal the relationships
among malaria cases in children under five, rainfall, temperature

73

Min-temp Max-temp NDVI
0.001 0.002 0.000
-0.002 -0.011 0.000
-0.003 -0.029 0.001
-0.245 -0.252 0.015
-0.061 -0.414 0.007
-2.679 2411 -0.074

(both minimum and maximum), and NDVI through both short-
term dynamics and long-term equilibrium adjustments. The error
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correction term (ectl) reflects the long-term relationships among
these variables. For example, the coefficient for malaria (-0.006)
indicates a small negative adjustment toward equilibrium, mean-
ing that deviations from the expected long-term relationship leads
to slight corrections in malaria cases among children under five.
Additionally, an error correction term of —0.006 suggests that ma-
laria prevalence in children adjusts very slowly to its long-term
equilibrium aftershocks from climate variability only 0.6% of the
deviation is corrected each month. This implies that climate-
driven surges in malaria cases may last a long time without inten-
sified control efforts. Conversely, the error correction terms for
rainfall and minimum temperature are positive, indicating that
deviations in these variables are corrected upward to maintain
long-term relationships. The error correction term (ECT) for
NDVI was zero (0.000), showing that vegetation cover does not
play a role in the long-term adjustment of malaria cases back to
equilibrium. This suggests that while changes in vegetation (in-
dicated by NDVI) may influence malaria transmission in the
short run by providing suitable mosquito breeding sites, they do
not stabilize malaria cases over time. Practically, malaria inci-
dence does not “self-correct” through vegetation dynamics alone,
so sustained public health measures such as indoor residual
spraying, distribution of insecticide-treated nets, and environ-
mental management are essential for long-term control.

The lag coefficients further highlight the temporal dynam-
ics of these variables. For example, the coefficients for ma-
laria.dl1 (0.091) and rainfall.dll (0.061) show that past
changes in malaria and rainfall significantly impact current
variations in these variables. The coefficient for min_temp.di1
(0.810) is notably high, suggesting a strong influence of past
minimum temperature changes on the current state of mini-
mum temperature. Similarly, the negative coefficient for
max_temp.dl1 (-0.259) suggests an inverse relationship with
previous maximum temperature changes. For the NDVI, the
large coefficient (140.100) highlights its significant impact on
vegetation dynamics, emphasizing the importance of seasonal
changes in vegetation for climate and ecological interactions.
An NDVI coefficient of 140.100 suggests that greener vege-
tation cover is strongly associated with higher malaria inci-
dence. Specifically, for every unit rise in vegetation index,
malaria cases are expected to increase by about 140 cases in
children under five years. This indicates that areas with dense
vegetation, which often provide favourable breeding habitats
for mosquitoes, tend to experience significantly higher ma-
laria transmission.

Overall, these VECM results indicate that the system has
both short-term and long-term interactions among the studied
variables. The error correction term ensures that any devia-
tions from the equilibrium relationships are corrected over
time, whereas the lag coefficients show how past changes in
each variable influence their present states. Understanding
these relationships helps in developing effective models for
forecasting, climate impact assessments, and epidemiological
interventions, for example, predicting seasonal malaria out-
breaks on the basis of temperature and normalized difference
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vegetation index (NDVI) trends.

5. Discussion

This study aimed to assess the temporal patterns of climate
variability and malaria incidence among children (0-5) in
Uganda. The vector error correction model (VECM) results
reveal both short-term dynamics and long-term equilibrium
relationships among malaria cases among children under five
years, rainfall, temperature (both minimum and maximum),
and the NDVI.

Significant relationships were found between the identified
temporal patterns of climate variability and the incidence of
malaria in children under five years old. The short-term im-
pact of conducive mosquito breeding circumstances was
shown in the seasonal peaks in malaria incidence that coin-
cided with times of higher rainfall and vegetation cover. The
findings of this study correspond with the study done by
Begum that highlighted the significant impact of climate
change, specifically temperature and rainfall, on the transmis-
sion dynamics of vector-borne diseases in Dhaka, Bangladesh
[36]. Furthermore, higher temperatures were linked to in-
creased transmission, yet in certain cases, intense heat seemed
to reduce mosquito survival. The findings of this study agreed
with the study by Nosrat et al. in Cameroon, which found that
mosquito eggs and adults were significantly more abundant
one month following an abnormally wet month [37]. Long-
term trends in malaria prevalence were associated with both
modest changes in rainfall distribution and persistent vegeta-
tion changes, highlighting the influence of both short-term cli-
matic fluctuations and long-term environmental changes on
the dynamics of malaria in young children. However, these
findings are in disagreement with the findings by Smith DL,
et al, who found that while climate change’s effect on malaria
is highly plausible, empirical evidence is much less certain
[38].

At the core of long-term dynamics is the error correction
term (ECT1), which indicates how each variable adjusts when
the system deviates from its equilibrium state. The ECT coef-
ficient for malaria is -0.006, suggesting that malaria cases
among children under five years adjust slightly downward
when there are deviations from the expected long-term rela-
tionship. This small negative value indicates a slow but steady
correction mechanism, indicating that malaria cases among
children under five years is relatively stable in response to ex-
ternal shocks and do not rapidly revert to equilibrium. These
findings are in line with the finding of the study done by Och-
omba which showed that recoveries and temporary immunity
keep the populations at oscillation patterns and eventually
converge to a steady state [39]. They stated that proper com-
bination of treatment and concerted effort aimed at prevention,
malaria could be eliminated from our society.

On the other hand, the positive error correction terms for
rainfall, minimum temperature, and the NDVI imply that these
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variables tend to adjust upward following a deviation, rein-
forcing their role as more dynamic factors in maintaining the
system’s long-term balance. This study is consistent with
studies highlighting the climatic and environmental respon-
siveness of disease transmission systems [40]. This study
shows the short-term and long-term effects of the climate var-
iables on malaria incidence.

Short-term dynamics, as captured by lagged differenced
variables, offer insight into how past values influence present
behaviour. The coefficient for malaria, dl1, is 0.091, indicating
that past changes in malaria cases among children under five
years have contributed positively to current malaria trends.
This suggests a degree of persistence in malaria transmission,
where high case numbers in previous periods may carry for-
ward. The findings of this study are in line with the study con-
ducted in Uganda by Andolina, which found out that individ-
uals with asymptomatic infections were important drivers of
malaria transmission [41].

Rainfall.dl1 has a coefficient of 0.061, highlighting the role
of recent rainfall patterns in shaping current climatic condi-
tions, which can, in turn, affect mosquito breeding habitats
and the risk of malaria transmission. These findings are in line
with those of Fall et al. and those of Mirzajonova et al. who
emphasized the impact of rainfall patterns on vector-borne
disease transmission [42, 43]. Notably, the coefficient for
min_temp.dl1 is 0.810, a substantial value that reflects strong
short-term autocorrelation. This implies that changes in mini-
mum temperature are heavily influenced by past temperatures,
indicating stable temperature trends over time. In contrast, the
coefficient for max_temp.dll is -0.259, indicating an inverse
short-term relationship, where increases in maximum temper-
ature during previous periods are associated with decreases in
the current period, possibly due to, compensatory seasonal or
weather-related effects [44, 45].

While temperature is an important factor for mosquito and
parasite development, its relatively consistent pattern suggests
that it serves more as a permissive background condition ra-
ther than a triggering factor in the seasonal rise of malaria
cases among children under five years. These findings, how-
ever, contradict the findings by Azerigyik et al. that intricate
the interdependence between the virus, larval habitat temper-
atures, and vector competence necessitate increased efforts in
addressing RVFV disease burden [46].

Notably, the years 2020 and 2021, which coincided with the
global Coronavirus Disease 2019 (COVID-19) pandemic, pre-
sented anomalies in the malaria trend, with either flatter peaks
or delayed increases. These deviations may reflect disruptions
in healthcare services, reduced access to malaria testing and
treatment, or interruptions in vector control programmes such
as indoor residual spraying and the distribution of insecticide-
treated nets.

The NDVI variable displays the most affected short-term
response, with a coefficient of 140.100. This large value un-
derscores the sensitivity of vegetation dynamics to prior
changes. The NDVI, a proxy for vegetation health and density,
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responds strongly to seasonal and climatic changes, such as
rainfall and temperature shifts [47]. Its high coefficient high-
lights the importance of environmental cues in driving vege-
tation patterns, which may indirectly influence malaria trans-
mission by affecting mosquito habitat availability. These find-
ings concur with the findings of Omeye Francis and Smith,
which highlight how climate change and habitat alterations
could further complicate transmission dynamics by expanding
suitable habitats and disrupting seasonal patterns [48, 49].
These results collectively demonstrate the interconnectedness
of climatic, environmental, and health variables, aligning with
ecological frameworks that view disease patterns through en-
vironmental and climatic lenses [50, 51].

In summary, the findings show that the system under study
operates with both long-run correction mechanisms and short-
term feedback loops. While malaria cases among children un-
der five years are slow to adjust toward equilibrium, they are
significantly influenced by previous values and climatic vari-
ables. Rainfall, temperature, and the NDVI display more dy-
namic short-term behaviour and play a critical role in restoring
long-term balance. These relationships have important impli-
cations for disease modeling and public health planning. For
example, the responsiveness of the NDVI and rainfall sug-
gests their potential as early warning indicators for malaria
outbreaks [52, 53]. Similarly, the strong temporal dependence
of temperature trends supports the integration of climate data
into surveillance tools. Ultimately, understanding these dy-
namics is essential for designing effective interventions, fore-
casting malaria risk, and responding to seasonal and environ-
mental changes in disease-prone regions, especially in settings
where climate variability exacerbates public health vulnera-
bilities [54, 55].

6. Conclusions

The study reveals significant short-term and long-term in-
teractions among malaria cases among children under five
years, rainfall, temperature, and NDVI. The presence of sta-
tistically significant error correction terms indicates that the
system adjusts to restore equilibrium following deviations,
with malaria cases among children under five years exhibit-
ing a modest but consistent correction. Lagged coefficients
show that past changes, particularly in minimum tempera-
ture and NDVI, exert a strong influence on current condi-
tions. These findings underscore the role of climatic and eco-
logical variables in shaping malaria dynamics and highlight
the potential for integrated models that incorporate seasonal
and environmental patterns. Such models are essential for
guiding timely and effective public health interventions, par-
ticularly in regions vulnerable to climate-sensitive diseases
like malaria.

The significant influence of lagged climatic factors and
vegetation indices on malaria incidence supports the integra-
tion of environmental monitoring into disease surveillance
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and early warning systems. In particular, the strong associa-
tions observed between the NDVI and malaria underscore the
potential for vegetation-based indices to serve as predictive
tools in malaria forecasting models. Furthermore, the ob-
served temperature dynamics, especially the high autocorrela-
tion in minimum temperatures, highlight the need for temper-
ature-sensitive intervention strategies, especially in regions
facing rapid climate change.

Ultimately, this study emphasizes the importance of adopt-
ing an eco-epidemiological approach for malaria control and
prevention. By understanding the temporal and equilibrium
dynamics between environmental factors and disease patterns,
policymakers and health planners can develop more targeted,
data-driven responses to malaria outbreaks. These insights are
especially pertinent for regions vulnerable to climate variabil-
ity, where proactive, climate-informed public health strategies
can significantly reduce the burden of malaria and increase the
resilience of affected communities.
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