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Abstract 

Background Despite global efforts to reduce and eventually interrupt malaria transmission, the disease remains 
a pressing public health problem, especially in sub-Saharan Africa. This study presents a detailed spatio-temporal 
analysis of malaria transmission in Rwanda from 2012 to 2022. The main objective was to gain insights into the evolv-
ing patterns of malaria and to inform and tailor effective public health strategies.

Methods The study used yearly aggregated data of malaria cases from the Rwanda health management information 
system. We employed a multifaceted analytical approach, including descriptive statistics and spatio-temporal analysis 
across three demographic groups: children under the age of 5 years, and males and females above 5 years. Bayesian 
spatially explicit models and spatio scan statistics were utilised to examine geographic and temporal patterns of rela-
tive risks and to identify clusters of malaria transmission.

Results We observed a significant increase in malaria cases from 2014 to 2018, peaking in 2016 for males and females 
aged above 5 years with counts of 98,645 and 116,627, respectively and in 2018 for under 5-year-old children 
with 84,440 cases with notable geographic disparities. Districts like Kamonyi (Southern Province), Ngoma, Kayonza 
and Bugesera (Eastern Province) exhibited high burdens, possibly influenced by factors such as climate, vector control 
practices, and cross-border dynamics. Bayesian spatially explicit modeling revealed elevated relative risks in numerous 
districts, underscoring the heterogeneity of malaria transmission in these districts, and thus contributing to an overall 
rising trend in malaria cases until 2018, followed by a subsequent decline. Our findings emphasize that the heteroge-
neity of malaria transmission is potentially driven by ecologic, socioeconomic, and behavioural factors.

Conclusions The study underscores the complexity of malaria transmission in Rwanda and calls for climate adaptive, 
gender-, age- and district-specific strategies in the national malaria control program. The emergence of both arte-
misinin and pyrethoids resistance and persistent high transmission in some districts necessitates continuous monitor-
ing and innovative, data-driven approaches for effective and sustainable malaria control.
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Background
Malaria is a life-threatening disease caused by 
Plasmodium parasites that are transmitted through 
the bites of infected female Anopheles mosquitoes. 
Malaria remains a public health challenge and is a major 
focus of the Sustainable Development Goals (SDGs) 
[1]. Concerted global efforts resulted in a decrease in 
malaria incidence and mortality rates by 37% and 60%, 
respectively, from 2000 to 2015; yet, malaria continues 
to pose a considerable burden, especially in sub-Saharan 
Africa [2].

The World Malaria Report 2023, put forth by the World 
Health Organization (WHO), reported an increase in 
malaria cases with up to 249  million cases estimated 
in 85 malaria endemic countries and territories [3]. 
Notably, over 95% of these cases were attributed to 29 
countries, with Nigeria (27%), the Democratic Republic 
of the Congo (12%), Uganda (5%), and Mozambique 
(4%) contributing most importantly to the global burden 
of malaria [3]. Furthermore, the report estimated over 
600,000 deaths related to malaria in 2023, with more than 
75% of these deaths occurring among children under 
the age of 5 years [3]. The burden can be attributed to 
various factors, including limited access to healthcare 
services, inadequate infrastructure, poverty, political 
instability, and environmental conditions that favor 
malaria transmission [4–6]. Additionally, challenges such 
as parasites resistant to antimalarial drugs, mosquitoes 
resistant to insecticides, and limited resources for 
prevention, control, and elimination further contribute to 
the persistence of malaria in this region [7].

In Rwanda, the burden of malaria was particularly 
severe at the beginning of the new millennium, marking 
the country one of the most affected in the world. 
At the time, health facilities across Rwanda reported 
over 5  million malaria cases. However, from 2005 to 
2012, there was a reduction of approximately 86% 
in malaria incidence and 74% in malaria mortality, 
indicating substantial progress in controlling the disease. 
Despite these achievements, the dynamics of malaria 
transmission in Rwanda continue to evolve, particularly 
with differences between provinces, influenced by 
various factors, including demographic changes, climate 
variability, and public health interventions [8].

Despite the significant strides made in malaria control 
and elimination in Rwanda, there remains a critical 
need for ongoing, evidence-based strategic planning 
and interventions tailored to the evolving dynamics 
of malaria transmission in districts. This study fills an 
important gap in the current research by employing an 
up-to-date spatio-temporal analysis that incorporates 
detailed demographic and district-specific insights. 
Unlike previous studies that may have provided broad 

overviews of malaria incidence, our research specifically 
identifies which demographic groups and districts are 
at highest risk, enhancing the precision of public health 
interventions. By focusing on these key areas, this study 
not only enhances understanding of the current malaria 
landscape in Rwanda but also contributes to improving 
health equity in healthcare service delivery. We pinpoint 
underserved or high-risk groups and districts, facilitating 
the development and implementation of cost-effective 
interventions that are precisely targeted to meet the 
needs of these vulnerable populations.

The purpose of the current study was to analyse 
the spatio-temporal dynamics of malaria in Rwanda 
from 2012 to 2022, placing particular emphasis on 
demography-specific variations. The study sought to 
provide a comprehensive picture of the malaria situation 
in Rwanda, contributing to the national and global efforts 
in malaria control and elimination. Understanding the 
demography specific aspects of malaria transmission 
is crucial for effective disease management, as different 
population groups such as children, pregnant women, 
and the elderly exhibit varied susceptibilities to malaria 
[9]. These demographic distinctions play an important 
role in the overall dynamics of malaria transmission and 
its control. The findings from this study are expected to 
guide resource allocation and implementation of tailored 
malaria control strategies.

Methods
In this study, a spatio-temporal analysis was conducted 
to investigate the patterns and dynamics of malaria 
transmission across Rwanda from January 2012 to 
December 2022. The analysis focused on identifying 
spatio-temporal trends and clusters of malaria 
transmission, providing insights into how these patterns 
have evolved over the years and contributing to a more 
nuanced public health strategy in Rwanda.

Study setting
Rwanda is located in East Africa just south of the 
Equator, occupying an area of 26,338  km2. It is bordered 
by Uganda in the north, Tanzania in the East, the 
Democratic Republic of the Congo in the west, and 
Burundi in the south. The country is a part of the 
eastern and central African highlands, featuring a varied 
landscape that ranges from the mountainous Congo-Nile 
divide and Virunga volcano range in the West and North-
Central areas to rolling hills, earning it the nickname 
“Land of a Thousand Hills” The average elevation across 
the country varies from 1500 to 2000 m above mean sea 
level.

Rwanda experiences a temperate, sub-equatorial 
climate with an average annual temperature of 18.5  °C. 
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The mean annual precipitation is 1250 mm, concentrated 
in two main rainy seasons (March to May and September 
to November), interspersed with both a long (June to 
August) and a short dry season (December to February). 
An extensive network of rivers, streams, and lakes, 
surrounded by wetlands, characterizes the landscape of 
Rwanda.

According to the 2022 census, Rwanda had a 
population of 13,246,394 individuals, with a high density 
of 503 people per  km2. The country is administratively 
divided into four provinces and the City of Kigali 
collectively encompassing 30 districts. The majority 
(72%) of Rwandans reside in rural areas and nearly half of 
the urban population lives in the capital city, Kigali. The 
demographic profile is predominantly young, with 70.3% 
of the population being under the age of 30 years.

Malaria transmission in Rwanda occurs year-round, 
peaking typically after the rainy seasons, in May/June and 
November/December. The entire population is at risk of 
malaria, though its transmission and intensity vary across 
regions due to factors like climate variability, altitude, 
population density, level of urbanisation, and population 
movement [10]. Malaria control measures in Rwanda 
include the distribution of long-lasting insecticidal nets 
(LLINs), indoor residual spraying (IRS), and larval source 
management (LSM). Environmental and climate factors, 
along with aspects like irrigation practices and cross-
border movement, significantly influence the dynamics of 
malaria transmission in Rwanda [11].

Data collection
This study utilized data from the Rwanda Health 
Management Information System (HMIS), which is not 
publicly available but can be accessed upon reasonable 
request. The dataset includes aggregated yearly data on 
malaria cases from 2012 to 2022, collected monthly for 
each of the 30 districts. through the national routine 
surveillance system from both community and health 
care facilities, and it are managed by the Rwanda 
Biomedical Center. Managed by the Rwanda Biomedical 
Center, the data are devoid of personal identifiers and 
categorize malaria cases into three demographic groups: 
children under the age of 5 years, males above 5 years, 
and females above 5 years.

Additionally, population data, crucial for calculating 
expected malaria cases and assessing relative risks (RRs), 
were obtained from the National Institute of Statistics of 
Rwanda. This information comes from the fourth (2012) 
and fifth (2022) Rwanda Population and Housing Census, 
thematic report on population size, structure, and 
distribution by district. These population figures were 
used to estimate the annual population for each district 

from 2013 to 2021, allowing for the analysis of malaria 
trends and demographic risks across districts [12, 13].

Statistical analysis
Initially, a descriptive statistics analysis encompassed 
bar plots for demographic groups; namely, children 
under the age of 5 years, males above 5 years, and 
females above 5 years. The bar plots in Fig.  1 provide 
a visual representation of the absolute number 
of reported malaria cases within the specified 
demographic groups from 2012 to 2022. Each bar color 
represents a different demographic group, illustrating 
the annual case counts and allowing for a comparative 
analysis over the years. This visualisation helps to 
identify trends and disparities in the incidence of 
malaria cases among these groups.

Subsequently, the analysis incorporated summary 
statistics, encompassing the median number of cases, 
standard deviation (SD), minimum and maximum for 
each demographic group across all districts. This step 
offered a quantitative insight into the variability and 
distribution of malaria occurrences.

For the spatio-temporal risk modeling and clusters of 
malaria in Rwanda, the first step focused on identifying 
and understanding the clusters of malaria cases across 30 
districts of Rwanda, utilising SaTScan™ software version 
10.1.2 (Martin Kulldorff, Information Management 
Services, Inc., Silver Spring, Maryland, USA). The 
analysis was performed using spatio scan statistics with 
the discrete Poisson model, a method particularly adept 
at identifying clusters with either significantly high or 
low rates of malaria incidence [14]. The discrete Poisson 
model was chosen to compare the observed number 
of cases against the expected distribution under the 
hypothesis of random spatiotemporal occurrence. This 
approach allowed for the identification of significant 
deviations from this expectation, thereby pinpointing 
areas and times of unusually high or low malaria 
prevalence. The spatially explicit analysis was conducted 
within defined circular windows, with the maximum 
spatio cluster size set at 50% of the population at risk. 
In the study, clusters were identified based on high or 
low rates. Additionally, the temporal window for the 
study ranged from a minimum of 1 year to a maximum 
of 5 years. A key aspect of the analysis was the rigorous 
statistical validation. There were 999 Monte Carlo 
replications to ascertain the statistical significance of 
the identified clusters, adhering strictly to a P-value 
threshold of 0.05 [15, 16].

In a second step, a spatio-temporal model was applied, 
using a Bayesian spatially explicit model, aiming to assess 
the RR of malaria infection across various districts and 
demographic groups in Rwanda from 2012 to 2022 [17, 
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18]. RR quantifies the likelihood of malaria occurrence in 
specific demographics (children under the age of 5 years, 
males above 5 years, and females above 5 years) across 
each district, compared to the national average.

In this context, the relative risk θ i quantifies whether 
an area i has higher (θ i > 1) or lower (θ i < 1) risk 
than the average risk in the whole population [19]. This 
measure helps identify high-risk zones, facilitating the 
implementation of targeted public health actions [20]. 
The observed malaria cases Yij  for district i  and year 
j were assumed to follow a Poisson distribution:

where Eij represents the expected number of cases 
based on population data, and θ ij  denotes the RR [21]. 
The natural logarithm of the RR, log

(

θ ij

)

 is expressed as 
a sum of an intercept and spatio-temporal effects, 
formulated as: log

(

θ ij

)

= α + fBYM(i)+ fiid
(

i, tj
)

+ fiid

(

i, t2j

)

+

β × tj + δ × t2j  . In this expression, α captures the 
baseline malaria risk, whilst β and δ represent coefficients 
of the linear and quadratic terms of the temporal trend, tj
refers to the year index and ranges from 1 to the 
maximum number of years [18]. fBYM(i)  represents the 
Besag-York-Mollié model for spatio structured and 
unstructured effects for locationi ; fiid

(

i, tj
)

 denotes the 
interaction between location and linear effect of time, 
assuming independent and identically distributed 

Yij ∼ Po
(

Eijθ ij

)

,

random effects for location i ; fiid

(

i, t2j

)

 captures the 
interaction between location and quadratic effect of time 
trends for location i . The spatio structure of the model 
was established by constructing a neighborhood matrix 
assuming as neighbors districts that share boundaries, 
effectively accounting for spatial dependencies [22]. This 
model’s capacity to handle the heterogeneity and 
variability in malaria risk due to geographic and temporal 
factors such as seasonal changes and shifts in public 
health strategies is enhanced by the integration of both 
spatial and temporal data. By capturing how malaria risk 
fluctuates over time in a particular district, the model 
aids in evaluating the effectiveness of interventions and 
supports evidence-based policy-making by delivering 
detailed insights into how risk varies among different 
demographics, districts, and over time, effectively 
guiding resource allocation and strategic public health 
planning [20]. Data segmentation into three demographic 
groups—children under 5 years of age, males above 5 
years, and females above 5 years—was a critical step in 
the study. Post-model estimation, the estimated mean 
RRs and their 95% credible intervals were extracted. 
Inference was conducted using R-INLA methods [18]. 
Bayesian inference was conducted using integrated 
nested Laplace approximations (INLA) with the R-INLA 
package allowing for fast and accurate approximations of 
posterior distributions. To allow the empiric data to 
primarily influence the inference, vague priors were 

Fig. 1 Annual trends in numbers of malaria cases, stratified by three demographic groups in Rwanda from 2012 to 2022
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selected for our Bayesian analysis. These priors are 
intentionally non-informative, emphasizing the reliance 
on observed data to drive posterior distributions  [23]. 
The statistical analyses and visualizations for this study 
were conducted using R version 4.0.3 (R Foundation for 
Statistical Computing, Vienna, Austria). Geographic data 
management and the creation of maps depicting the 
geographical spread of malaria risk over time were 
effectively handled using the sf package  [24]. The spdep 
package was instrumental in analyzing spatial 
dependence and computing statistics that illuminate the 
spatial dynamics of the data [25]. Furthermore, the 
ggplot2 package was utilized extensively to generate time 
plots, enabling a detailed observation of temporal trends 
in malaria risk from 2012 to 2022 [26–29].

Results
Descriptive analysis
From 2012 onwards, an increasing trend of malaria cases 
across all three demographic groups was observed. Cases 
among males and females older than 5 years peaked in 
2016 with 98,645 and 116,627 cases, respectively (Fig. 1). 
Cases among children under the age of 5 years, kept 
increasing with an observed peak in 2018 with 84,440 
cases.

For children under the age of 5 years, the median 
number of cases per district varied significantly, with 
some districts like Ngoma experiencing a median of 
37,380 cases, illustrating a higher burden of malaria 
in these younger populations. The SD for this group 
indicates variability in case numbers, with districts like 
Kayonza and Ngoma (Eastern Province) showing a wide 
dispersion in the data (Table  1). The minimum and 
maximum for children under the age of 5 years further 
highlight the disparity between districts, ranging from 
as low as 23 in Nyabihu (Northern Province) to as high 
as 84,440 in Ngoma (Eastern Province) suggesting 
substantial heterogeneity in malaria burden among 
districts (Table 1).

For males above 5 years of age, the median cases 
also exhibited substantial variation, with districts like 
Nyabihu and Musanze (Northern Province) on the lower 
end, while others such as Kamonyi (Southern Province) 
and Bugesera (Eastern Province) showed higher medians 
(Table 1).

Similarly, for females above 5 years of age, the median 
cases by district revealed heterogeneity, with districts like 
Burera and Nyabihu on the lower spectrum, while others 
such as Kamonyi (Southern Province) and Bugesera 
(Eastern Province) had higher median numbers. The 
minimum and maximum in this demographic group 
underscore the heterogeneity in malaria burden across 

the country, with significant differences between districts’ 
lowest and highest recorded cases.

Aggregated malaria incidence rates per 1000 
individuals for the period 2012–2022 are detailed across 
various districts, stratified by three demographic groups 
as shown in Table 2. The district of Ngoma recorded the 
highest incidence rate among children under the age of 5 
years, with 670.5 cases per 1000 children. Conversely, the 
district of Nyabihu reported the lowest rate in this group, 
with 2.6 cases per 1000 children. Among males above 5 
years of age, the highest incidence rate was observed in 
Ngoma with 273.7 cases per 1000, while Musanze had 
the lowest with 12.6 cases per 1000. Similarly, females 
above 5 years of age in Ngoma experienced the highest 
incidence rate of 313.9 cases per 1000 individuals, 
whereas Burera reported the lowest rate at 6.0 cases per 
1000.

The spatio scan statistics highlighting the high-risk 
malaria clusters in Rwanda, stratified by demographic 
groups between 2012 and 2022 are depicted in Fig. 2. For 
children under the age of 5, the clusters identified during 
2015–2019 include districts such as Bugesera, Gasabo, 
Gisagara among others, with an observed to expected 
case ratio of 2.29, indicating that the observed cases were 
over twice the expected number. This cluster also shows 
a significant log likelihood ratio of 584,362, strongly sug-
gesting a higher-than-expected malaria incidence, with 
a P-value of less than 0.001, confirming the statistical 
significance of these findings. Similarly, for males above 
5 years, the period 2014–2018 shows a cluster encom-
passing additional districts like Karongi and Nyamagabe, 
with an observed to expected ratio of 2.3 and a log like-
lihood ratio of 1,146,688, also significant at a P-value of 
less than 0.001. This indicates a similarly high risk com-
pared to national averages, with significantly more cases 
observed than expected. The clusters for females above 5 
years of age during the same period exhibit an observed 
to expected ratio of 2.39 and a log likelihood ratio of 
1,469,933, with the clustering extending into districts 
such as Kirehe and Rulindo. The P-value of less than 
0.001 for these clusters again supports the presence of a 
significantly higher incidence of malaria than expected 
based on the national average. These statistics substanti-
ate the clusters shown in all maps, with districts marked 
in red indicating a number of observed malaria cases sur-
passing expected values.

A comprehensive summary of the spatio scan analysis 
from 2012 to 2022, depicted in Table  3 reveals malaria 
clusters across various demographic groups. The analy-
sis indicates that for children under the age of 5 years, 
between 2015 and 2019, a total of 1,637,971 malaria 
cases were observed in districts including Bugesera, 
Gasabo, Gisagara among others. These cases notably 
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surpassed the expected count of 713,780, based on the 
underlying population of 650,000. The expected num-
ber of cases is defined as the number of cases that would 
be expected based on the underlying population at risk 
in the absence of any spatial or temporal clustering. The 
high significance of this cluster is further emphasized 
by a log likelihood ratio of 584,362 and a P-value of less 
than 0.001. Similarly, for males aged above 5 years from 
2014 to 2018, the observed cases totaled 3,032,237 across 

several districts, significantly exceeding the expected 
1,318,150 cases derived from a population of 2,324,912. 
This discrepancy is highlighted by a log likelihood ratio 
of 1,146,688 and a P-value of less than 0.001. Addition-
ally, the cluster for females aged above 5 years during the 
same timeframe involved 3,611,089 observed malaria 
cases, far exceeding the expected 1,510,183 cases from 
a population of 2,435,551. This clustering is confirmed 
as significant by a log likelihood ratio of 1,469,933 and a 
P-value of less than 0.001 (Table 3).

Throughout the 2012 to 2022 timeframe, the spatio-
temporal analysis of malaria risk among children under 
the age of 5 years has revealed distinct patterns of ele-
vated RR in certain districts (Fig.  3). Initially, the dis-
trict of Ngoma was notable with the highest RR in 2014, 
reaching 3.24 (95% CI:  3.22–3.26). Over the subsequent 
years, districts such as Gisagara, Huye, Kayonza, and 
Ruhango were consistently highlighted for their high 
RRs. Notably, Gisagara district exhibited a significant 
increase in RR, with a peak at 2.13 (95% CI:  2.12–2.15) 
in 2013 and surging at 2.64 (95% CI: 2.63–2.65) in 2015. 
Similarly, Huye district showed an increase in RR to 3.39 
(95% CI: 3.38–3.41) in 2015. Ngoma district displayed the 
most substantial RR during this period, with a peak of 
7.00 (95% CI: 6.98–7.03) in 2016 (Fig. 3).

Over the decade-long study from 2012 to 2022, a dis-
cernible pattern of malaria risk among males aged above 
5 years was observed, with significant variances across 
different districts. The investigation began with Kirehe 
district exhibiting a notable RR of 1.86 (95% CI:  1.84–
1.87) in 2012 (Fig.  4). In subsequent years, several dis-
tricts emerged as recurrent hotspots with elevated RR 
values. Ngoma district, for instance, showed elevated 
RRs throughout the study period, with a peak RR of 5.70 
(95% CI:  5.68–5.72) in 2016. Similarly, Kayonza district 
displayed consistently high RRs, notably reaching 4.59 
(95% CI: 4.57–4.60) in 2016. Ruhango district also dem-
onstrated persistently high RRs, especially in 2017 with a 
RR of 4.67 (95% CI: 4.65–4.69). Despite a general trend of 
declining RRs by 2020, the districts of Ngoma, Kayonza, 
and Ruhango continued to report elevated risks. 

In the comprehensive analysis conducted from 2012 to 
2022, notable trends in malaria risk among females aged 
above 5 years were observed, highlighting significant 
geographic heterogeneity in risk levels across different 
districts (Fig.  5). The investigation began with districts 
of Kirehe and Nyagatare which demonstrated elevated 
RRs of 1.77 (95% CI: 1.76–1.79) and 1.76 (95% CI: 1.75–
1.78), respectively, in 2012. However, it was from 2014 
onwards that certain districts consistently emerged with 
particularly high RRs (Fig.  5). In 2014, Kirehe district 
reported a markedly high RR of 3.45 (95% CI: 3.43–3.46), 
and Huye district also showed a substantial increase to 

Table 2 Malaria incidence rates per 1000 individuals in Rwanda 
from 2012–2022 by district and demographic group

Notes:

Children under the age of 5 years = This column shows the aggregated incidence 
rate of malaria per 1000 children under five years old in each district for the 
years 2012–2022

Males above 5 years = details the aggregated malaria incidence rate per 1000 
males above the age of five in each district for the years 2012–2022

 Females above 5 years = indicates the aggregated malaria incidence rate per 
1000 females above the age of five in each district for the years 2012–2022

District Children under the 
age of 5 years

Males above 
5 years

Females 
above 5 
years

Bugesera 390.4 163.4 204.1

Burera 6.6 18.0 6.0

Gakenke 41.7 44.09 33.98

Gasabo 150.7 86.0 101.2

Gatsibo 188.1 125.9 138.1

Gicumbi 48.7 46.9 45.2

Gisagara 463.7 189.6 202.2

Huye 403.2 225.3 257.9

Kamonyi 324.5 197.8 226.8

Karongi 139.7 103.3 108.1

Kayonza 538.4 222.9 252.0

Kicukiro 106.9 55.9 57.0

Kirehe 252.8 153.3 171.6

Muhanga 190.2 129.4 138.4

Musanze 6.5 12.6 7.1

Ngoma 670.51 273.7 313.9

Ngororero 47.9 46.1 41.9

Nyabihu 2.6 10.8 5.3

Nyagatare 164.1 86.1 101.8

Nyamagabe 156.2 96.9 105.1

Nyamasheke 271.2 159.8 163.6

Nyanza 386.9 231.0 277.1

Nyarugenge 101.9 63.1 68.3

Nyaruguru 199.1 114.1 118.7

Rubavu 39.7 26.8 27.1

Ruhango 429.6 239.6 260.3

Rulindo 81.5 68.1 61.8

Rusizi 254.6 108.9 121.3

Rutsiro 70.5 57.9 48.7

Rwamagana 371.6 175.1 207.9
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3.32 (95% CI: 3.30–3.33). The year 2015 saw Ngoma dis-
trict reaching the decade peak with a RR of 5.04 (95% 
CI:  5.02–5.05), with Huye and Kayonza districts follow-
ing closely, peaking at 4.35 (95% CI: 4.34–4.36) and 3.92 
(95% CI:  3.91–3.94), respectively. Ruhango emerged as 
a district with an elevated malaria risk, peaking at a RR 
of 4.62 in 2017. Kayonza, Nyanza, and Nyamasheke were 
also identified as high-risk districts, consistently report-
ing RRs above 2.5 from 2014 to 2018 (Fig. 5). Toward the 
end of the study period, there was a general decline in 
RRs. However, Ruhango and Gisagara districts continued 
to manifest elevated risks of around 1.10 in 2020.

The time plots delineate the malaria transmission 
risk across various districts in Rwanda, stratified by 
demographic groups and annotated for clarity (Fig.  6). 
Plot A illustrates the trend for children under the age of 
5 years, where districts such as Ngoma, Huye, Kayonza, 
and Ruhango exhibit an ascending and descending 
trajectory in RR from 2012 to 2022. In contrast, Gisagara 
and Bugesera districts demonstrate a relatively stable RR 
(Fig. 6).

Plot B, representing males above 5 years of age, 
highlights that Ngoma, Ruhango, Kayonza, and Huye 
districts faced a consistent increase in RR. The peak of 
the risk was observed in Ngoma district in 2016 (Fig. 6).

In Plot C, focusing on females above 5 years of age, dis-
tricts such as Ngoma, Kayonza, Nyanza, and Huye are 
depicted with RRs of 2 and above (Fig. 6). In these plots, 
colors indicate RR values above 1 for some years in the 
study period, signifying a higher risk of malaria transmis-
sion. In contrast, those areas without color or unhigh-
lighted represent districts with a RR of 1 or below.

Interactive web application
An interactive web application has been created using 
Shiny (https:// paula moraga. shiny apps. io/ malar iarwa 
ndaapp/), The dashboard offers tools such as interactive 
maps, a database, heat maps, and risk analysis, enabling 
users to explore malaria data across Rwanda for various 
demographic groups from 2012 to 2022. It visualizes 
data like population, cases, and RR, providing insights 
into spatial and temporal trends to support public health 
planning and interventions [30].

Discussion
The comprehensive spatio-temporal analysis of malaria 
risk in Rwanda from 2012 to 2022 provided important 
insights into the disease dynamics. The study focused on 
identifying spatial and temporal trends, as well as clus-
ters of cases, unveiling the evolving patterns of malaria 
over an 11-year period. A significant increase in malaria 
cases was observed from 2014 to 2018, particularly 
affecting three demographic groups: children below the 
age of 5 years, and males and females aged above 5 years, 
with a peak in 2016. This surge was notably impactful 
on under 5-year-old children and females aged above 5 
years. These observations concur with the 2015 Rwanda 
DHS report, which indicated an increased malaria preva-
lence among children under the age of 5 years, reflecting 
a broader trend of escalating cases [31]. Potential con-
tributing factors to this rise included climatic variations 
that might favor mosquito breeding, as well as issues with 
LLINs, such as delayed deliveries and insufficient insec-
ticide content [32]. Additionally, the confirmed resist-
ance of Anopheles gambiae to pyrethroids and a shift in 
vectors toward outdoor biting, thus reducing the effec-
tiveness of LLINs [32–34]. Moreover, lack of access to 

Fig. 2 Spatial distribution of high malaria risk clusters in Rwanda from 2012–2022, stratified by demographic groups and their corresponding 
cluster identification periods. The left map indicates clusters for children under the aged of 5 years during 2015–2019, the middle map denotes 
clusters for males above 5 years of age during 2014–2018, and the right map illustrates clusters for females above 5 years of age during 2014–2018. 
Districts coloured in red represent areas where the number of observed malaria cases was higher than expected, signalling a higher risk of reported 
malaria cases compared to the national average

https://paulamoraga.shinyapps.io/malariarwandaapp/
https://paulamoraga.shinyapps.io/malariarwandaapp/
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Fig. 3 Map of Rwanda with spatio-temporal relative risks (RRs) of malaria for children under the age of 5 years from 2012 to 2022

Fig. 4 Map of Rwanda with spatio-temporal relative risks (RRs) of malaria for males aged above 5 years from 2012 to 2022
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healthcare might play a role, including limited availability 
of effective antimalarial medications, insufficient staff-
ing and training for healthcare workers, which might 
impact the management and containment of malaria 
and other infectious diseases. Challenges in funding and 
implementing prevention and control programs exac-
erbated by socioeconomic factors, including poverty, 
lack of awareness about malaria prevention, and limited 
access to education might have contributed. The decline 
in cases post-2018 might be attributed to the Rwandan 
government efforts in training community health work-
ers (CHWs), which led to effective home-based malaria 
treatment [35]. Additionally, community-based envi-
ronmental management, robust supply chain manage-
ment for antimalarial drugs, and a referral system from 
the community settings to health centers played a role 
in reducing malaria transmission [36]. Furthermore, the 
introduction and scaling up of more effective LLINs, par-
ticularly those treated with a combination of pyrethroids 
and piperonyl butoxide (PBO), might have significantly 
impacted malaria control efforts in Rwanda. Indeed, 
PBO enhances the efficacy of pyrethroids by inhibiting 
the enzymes that mosquitoes use to detoxify these insec-
ticides, effectively managing resistance and increasing 
mosquito mortality. This combination has been shown to 
maintain effectiveness even in areas with high pyrethroid 

resistance [37]. Improvements in IRS might have contrib-
uted to these declines. The strategic use of new classes of 
insecticides and the rotation among them have helped 
overcome the challenges posed by insecticide resistance 
ensuring the continued effectiveness of IRS in reducing 
mosquito populations and interrupting malaria trans-
mission [38, 39]. Additionally, innovative vector control 
tools, such as the use of drones for larvicide applica-
tion, might have had a positive impact in reducing mos-
quito larvae. Despite the decline in cases post-2018, the 
emergence of artemisinin resistance in Rwanda calls for 
rigorous monitoring and adaptation of treatment proto-
cols [10]. The study results further confirm the positive 
impact of these interventions, providing evidence that 
supports the effectiveness of the Rwandan government 
comprehensive approach in fighting malaria.

Spatially explicit analysis highlighted the 
heterogeneity of malaria burdens across Rwanda [40]. 
The high burden in districts like Ngoma, contrasted by 
significantly lower burdens in districts such as Nyabihu, 
suggests that local factors like ecologic conditions, 
vector control practices, healthcare access, and 
socioeconomic status influence malaria transmission 
[41]. The cluster analysis was critical in understanding 
the spatial distribution and demographic segmentation 
of malaria risk, which is essential for tailored public 

Fig. 5 Map of Rwanda with spatio-temporal relative risks (RRs) of malaria for females aged above 5 years from 2012 to 2022
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Fig. 6 Combined time plots illustrating the relative risk (RR) of malaria infection for three demographic groups in districts with RR greater than 1 
in Rwanda from 2012 to 2022. A Children under the age of 5 years; B males above 5 years of age; and C females above 5 years of age. Each colored 
line corresponds to a district that reported a RR greater than the national average during the study period. The color key denotes the specific 
districts
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health interventions. For children under the age of 5 
years, significant malaria risk clusters in districts such 
as Bugesera, Gasabo, and Gisagara call for focused 
intervention strategies. Females aged above 5 years 
shared overlapping risk areas with younger children, 
pointing to similar exposure risks in household and 
community environments [42].

The Bayesian analysis provided a nuanced 
understanding of the spatio-temporal dynamics and 
heterogeneity of malaria risk. Elevated RRs in specific 
districts over the 11-year study period highlighted the 
evolving nature of malaria transmission, influenced by 
ecological, occupational, and behavioral factors and 
land use patterns [43–45]. The results indicated periods 
and districts with heightened malaria transmission, 
emphasizing the need for tailored malaria control 
strategies based on local risk profiles and demographic 
vulnerabilities [46].

This analysis does more than just illuminate 
demographic disparities; it also uncovers district-specific 
malaria risk. By targeting high-risk populations and 
adapting interventions to meet the unique needs of these 
districts, we enhance public health strategy efficiency 
and effectiveness. This tailored approach maximizes 
healthcare resource utilisation and responds precisely 
to the specific demographic and geographic patterns of 
malaria transmission. Moreover, such strategic alignment 
addresses the fundamental causes of health inequities, 
underscoring the importance of improving health equity 
through focused interventions. Ultimately, this strategy 
leads to more effective malaria management and reduces 
disparities across different demographic groups.

This study has important ramifications for Rwanda’s 
national malaria control program. The findings advocate 
for a dynamic, adaptive approach to malaria control, 
integrating socioeconomic, ecological, and behavioural 
factors. Enhanced surveillance and spatial targeting of 
interventions, particularly in regions with persistently 
high RRs, are crucial. Understanding risk profiles across 
different districts and demographic groups allows 
for more effective resource allocation and tailored 
interventions, including the distribution of LLINs, IRS, 
and community education programs. Additionally, the 
study highlights the necessity of adaptive management 
and district-specific strategies, informed by local 
transmission patterns and demographic vulnerabilities.

The strength of this study lies in its comprehensive 
approach, utilising advanced statistical methods such 
as Bayesian spatially explicit models and spatio scan 
statistics to analyze an 11-year dataset, providing a 
detailed understanding of the spatio-temporal dynamics 
of malaria transmission across different demographic 
groups.

However, the study’s focus on spatio-temporal 
dynamics does not address the underlying causal 
pathways. For instance, it has been suggested that climate 
change might have a broad impact on vector ecology and 
malaria transmission. In addition, the behavioral aspects 
of the human population and mosquito vectors, such 
as changes in human movement patterns or mosquito 
biting behavior, were not extensively explored. Future 
research should focus on the long-term sustainability and 
effectiveness of control measures in the face of changing 
environmental and demographic conditions and delve 
deeper into socioeconomic factors influencing malaria 
prevalence and control effectiveness.

Conclusions
The current study’s spatio-temporal analysis of malaria in 
Rwanda from 2012 to 2022 provides new insights into the 
evolving patterns of malaria transmission, underlining 
not only the surge in malaria cases from 2014 to 2018, 
but also the potential underlying factors contributing to 
these trends. Our findings reveal significant demographic 
vulnerabilities, particularly among females above 5 
years of age and under 5-year-old children, stressing 
the need for targeted interventions in these groups. 
The observed increase in malaria cases during this 
11-year period can be attributed to a combination of 
climatic variations, ineffective use of LLINs, resistance 
of Anopheles gambiae mosquitoes to pyrethroids, and 
changes in mosquito behavior favoring outdoor biting. 
Importantly, the study has identified distinct malaria 
ecozones in Rwanda, suggesting that a one-size-fits-all 
approach to malaria control is not be feasible. Instead, 
district-specific strategies considering local ecological, 
biological, and socio-economic conditions are essential. 
The decline in malaria cases post-2018, most likely 
attributed to government-led initiatives such as training 
CHWs, underscores the potential of localised strategies. 
Furthermore, the new challenge of artemisinin resistance 
calls for a robust surveillance system to monitor drug 
efficacy and vector resistance patterns continually. The 
persistent high transmission rates in some districts call 
for a refined focus within the national malaria control 
program, to address these micro-epidemiological 
variances effectively.
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