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ABSTRACT

The current review summarizes the latest trends in malaria literature, emphasizing transmission ecology, new
diagnostics and treatment. It stresses the additional focus on transmission through spatiotemporal models and
predictive analytics, which help identify periods and locations with the greatest risk while considering environmental
factors. Changes in diagnostic approaches, especially the introduction of artificial intelligence techniques such as
deep learning, have improved the speed and precision with which malaria parasites are diagnosed in resource-limited
countries where time is critical. Furthermore, significant advances in drug discovery have emerged from machine
learning applications that accelerate the search for new antimalarial drugs in the face of drug resistance. Despite
these developments, challenges such as drug resistance, socioeconomic disparities, and changing environmental
conditions still require integrated and transdisciplinary responses. Combining these determinants is indispensable for
overcoming these challenges and further promoting global malaria-control efforts.
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1. INTRODUCTION

Malaria ranks high among global health problems, particu-
larly in tropical and subtropical regions where it places heavy
pressure on health systems and economies. Nearly 240 mil-
lion people are infected annually and more than 600,000
deaths result from infection; the disease remains especially
dangerous among children and pregnant women. Although
considerable research has been devoted to improved under-
standing and intervention, malaria persists because of drug
resistance, climate change, poverty, and other factors that
complicate control measures [1]. This review expands on
current malaria research, focusing on transmission ecology,
new diagnostic tools, and treatment strategies. Understanding
these areas clarifies why malaria control remains difficult
and how new interventions may strengthen malaria-control

programmes [2].

Malaria transmission dynamics are complex and are associ-
ated with ecological factors such as weather, land distribu-
tion, and mosquito-population levels. Recent studies have
emphasized spatiotemporal models for assessing malaria-
transmission risk. In the Minab district of southeastern Iran,
researchers combined geographic data with environmental
suitability assessments for malaria-vector reproduction. Their
investigations showed that effective transmission seasons dif-
fer, with the first and last quarters of the year being higher-risk
periods. They also evaluated four Anopheles species and re-
ported that Anopheles stephensi was dominant, indicating the
importance of vector dynamics in malaria transmission [12].

Ecological studies are critical for malaria-management meth-
ods. By understanding the influence of environmental factors
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on vector populations and transmission risks, health authori-
ties can direct interventions toward specific areas. Predictive
early-warning systems can support proactive vector control
in at-risk communities and decrease the malaria burden [3].

Early diagnosis and identification are essential for prompt
treatment. Conventional blood-smear microscopy and related
techniques have limitations in sensitivity, specificity, and
speed, which may delay treatment. Recent diagnostic devel-
opments, especially artificial intelligence, machine learning,
and deep learning, have supported faster and more precise
diagnosis [4]. For example, convolutional neural networks
(CNNs) have been developed for automated malaria detection
in blood smears, with reported accuracy of 97.74%, outper-
forming traditional diagnostic techniques. Real-time data
and machine-learning algorithms can also warn of possible
malaria outbreaks, which is advantageous in locations with
limited laboratory personnel and diagnostic infrastructure [6].

The continued creation of internet-based and data-driven sys-
tems is also changing malaria diagnosis. These systems use
machine-learning algorithms on climate and epidemiological
data to infer the risk of impending malaria outbreaks, offering
an effective route for disease control. Integrating technology
into public-health systems makes faster diagnosis possible
and improves response effectiveness in malaria-endemic ar-
eas [7, 8].

The increasing occurrence of drug resistance is a major hur-
dle in malaria management. As malaria-causing organisms
adapt to standard antimalarial drugs, alternative treatment
regimens are urgently needed. Recent studies have employed
machine-learning techniques to accelerate the development
of antimalarial agents [5, 9]. In one approach, researchers
used machine-learning models to predict antimalarial activity
against Plasmodium falciparum. Support Vector Machine
(SVM) and XGBoost models achieved high prediction accu-
racy, exceeding 85% on independent test sets. This supports
large-scale compound screening and can reduce the time and
cost of drug development [14].

New approaches such as Bayesian models have also been
suggested to help groups and institutions collaborate in the
discovery of antimalarial medicines. These approaches can
integrate pharmacokinetic and pharmacodynamic evidence
for predicting parasitological outcomes in early-phase drug
studies [10]. With this literature review, we aim to support fu-
ture exploration, intervention, and interest in malaria research,
leading to better health outcomes and stronger eradication
efforts.

2. LITERATURE REVIEW

Progress on malaria control remains insufficient in many trop-
ical and subtropical regions. This literature review presents
recent findings from malaria research, focusing on transmis-
sion ecology, new diagnostic tools, and effective treatment.
Through these studies, the review highlights the multifaceted
nature of malaria and identifies possibilities for future re-
search and intervention.

Malaria continues to be the leading parasitic illness in trop-
ical and subtropical areas, affecting more than 240 million
people each year. The study in [12] evaluated environmen-
tal factors for malaria transmission in the Minab district of

Hormozgan Province, southeastern Iran, using a spatiotempo-
ral model. Methods included growing-degree-day forecasts,
larval breeding-site analysis, and MaxEnt spatial mapping
to identify vulnerable locations. The highest-risk periods
were found during the first and fourth quarters of the year
according to the Gradient Model Risk Index. The study also
evaluated water bodies hosting four vector species: Anophe-
les culicifacies, Anopheles thali, Anopheles fluviatilis, and
Anopheles stephensi; the latter was the most abundant and
widespread. MaxEnt predictive models helped identify risky
villages, demonstrating the role of spatial and temporal evalu-
ations in local malaria-control programmes and early-warning
systems.

Machine learning has also been applied to prediction, control,
and planning using dynamic epidemiological models [13].
Such models can represent time-varying disease dynamics
and can inform control decisions by linking transmission
assumptions with observed case data.

The research in [14] selected a dataset of 195,143 compounds
from databases containing known and experimentally verified
compounds to construct classification models for antimalar-
ial prediction. The goal was to identify compounds active
against Plasmodium falciparum. Several machine-learning
approaches were compared, including SVM and XGBoost.
The results showed high predictive performance, with accu-
racy greater than 85% on independent test data. This demon-
strates the value of machine learning in antimalarial drug
discovery.

Shared consensus machine-learning models have also been
proposed for predicting blood-stage malaria inhibition [15].
This collaborative approach combines multiple institutional
datasets and models to improve prediction reliability and sup-
port compound prioritization. In related diagnostic work,
deep-learning systems have been used to build parasite-
detection and outbreak-warning tools [6]. CNN-based analy-
sis of blood-smear images achieved 97.74% accuracy, show-
ing realistic potential for resource-limited settings.

Recent spatiotemporal studies further model under-five
malaria risk, including work in Ghana from 2016 to 2021 [7].
These studies identify geographic and temporal variations in
risk and support targeted allocation of interventions. Simi-
larly, LSTM-based prediction of malaria abundance using big
data demonstrates that sequential models can extract temporal
patterns from climate and case data [8].

Deep convolutional neural networks have shown strong per-
formance for malaria-parasite classification. Suriya et al. [16]
proposed an enhanced deep CNN and evaluated optimizer
choices and hyperparameter settings. Their model achieved
overall accuracy of 98.9%, demonstrating reliable automated
diagnosis. Related work using Giemsa-stained blood-smear
images reported that DCNN-based systems can automatically
flag malaria parasites and reduce reliance on technician inter-
pretation and smear quality [17].

Severe malaria anaemia remains a life-threatening condition,
especially among children in sub-Saharan Africa. Moysis et
al. [18] developed and validated the Multiple Instance Learn-
ing framework to Identify Severe Malaria Anaemia (MIL-
ISMA). This deep-learning tool detects early morphological
changes in red blood cells before clinical manifestation, po-
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tentially enabling earlier intervention and reducing mortality.

Other studies have used extreme learning machines and CNN
feature extraction for malaria diagnosis. Goni et al. [19]
proposed a double hidden-layer extreme learning machine
algorithm with CNN feature extraction and a parasite inflator
to enhance contrast in blood-smear images. Their CNN–Deep
ELM model achieved 97.79% accuracy on the initial dataset
and 99.66% on a modified dataset, indicating strong potential
for rapid malaria diagnosis.

Immunogenic cell death in Plasmodium falciparum infec-
tion has been studied with integrated bioinformatics and ma-
chine learning [20]. Using consensus clustering, ssGSEA,
differential-expression analysis, LASSO regression, random
forest, and protein–protein interaction networks, the study
identified ICD subtypes and hub genes associated with im-
mune responses. Such findings deepen understanding of
malaria immunology and may inform treatment research.

Mathematical models have also been transferred from
COVID-19 forecasting to malaria prediction. Forien and
Lefèvre [21] discussed modified SIR models with stochastic
and parametric uncertainty, showing how disease-forecasting
structures can be adapted using weather and malaria-case
data. Bogale et al. [22] used Faster R-CNN for feature extrac-
tion in malaria detection and species classification in Rwanda,
demonstrating the value of deep learning for resource-limited
regions. Ditz et al. [23] created PlasmoFAB, a benchmark
dataset for Plasmodium falciparum protein-antigen candi-
date prediction, showing that domain-specific datasets can
outperform general-purpose tools in antigen-identification
tasks.

The studies summarized in Table 1 emphasize the complexity
of malaria and the breadth of current responses. Efforts range
from assessing habitats conducive to vector reproduction to
inventing state-of-the-art diagnostic devices and treatment

regimes. Nevertheless, drug resistance and the emergence
of new infections remain major challenges. An interdisci-
plinary approach that combines machine learning, genomics,
immunology, epidemiology, and public health can provide
better and longer-lasting solutions for malaria control and
eradication.

3. CONCLUSION

Malaria remains a persistent global health threat and is most
prevalent in tropical and subtropical zones. This review high-
lights three significant trends in malaria research over the
past decade: transmission ecology, innovative diagnostic
tools, and treatment strategies. Understanding epidemiolog-
ical drivers of malaria transmission is crucial for designing
effective control measures. This knowledge, together with
spatiotemporal models and predictive analytics, can help iden-
tify high-risk areas for transmission, guide vector-control
efforts, and foster collaboration among specialists.

New diagnostic technologies, especially machine-learning
and deep-learning methods, have been useful in addressing
the limitations of conventional diagnostic methods. Such
innovations can facilitate faster and more precise malaria
diagnosis, improve treatment decisions, and support outbreak
management, particularly in countries where infrastructure
is limited. In addition, machine-learning techniques in drug
development have accelerated antimalarial-drug discovery,
which is especially important given the persistence of resistant
malaria strains.

Malaria control remains challenging because of drug resis-
tance, socioeconomic factors, environmental change, and
other constraints. Addressing these problems requires coordi-
nated work among researchers, health-care providers, policy
makers, and communities. Continued investment in research
and development, coupled with proven interventions and new

Table 1. Summary of Literature Review
Ref. Objective Method Key Findings Implication
[12] Predict malaria-transmission risk

in Minab district
Spatiotemporal modelling, GDD fore-
casts, larval ecology, MaxEnt mapping

Highest risk occurred in first and fourth quar-
ters; A. stephensi was dominant

Supports local early-warning and tar-
geted vector-control programmes.

[13] Apply machine learning to epi-
demiological prediction and con-
trol

Dynamic epidemiological models and
ML planning

Demonstrated how predictive models can sup-
port disease-control decisions

Useful for planning interventions un-
der changing disease dynamics.

[14] Predict antimalarial activity of
compounds

SVM, XGBoost, and other ML classi-
fiers

Models exceeded 85% accuracy on indepen-
dent tests

Accelerates antimalarial drug screen-
ing and compound prioritization.

[15] Predict blood-stage malaria inhibi-
tion

Shared consensus ML models Collaborative models improved inhibition pre-
diction

Enables multi-institutional drug-
discovery collaboration.

[6] Detect parasites and warn of out-
breaks

CNN-based image analysis and warning
system

Reported 97.74% accuracy for malaria detec-
tion

Provides fast diagnostic support in
resource-limited settings.

[7] Model under-five malaria risk in
Ghana

Spatiotemporal risk modelling Revealed geographic and temporal risk varia-
tion

Supports targeted allocation of
malaria-control resources.

[8] Predict malaria abundance LSTM and big-data methods Captured temporal patterns in malaria abun-
dance

Helps forecast outbreaks using sequen-
tial data.

[16] Classify malaria parasites Enhanced DCNN with optimizer and hy-
perparameter tuning

Achieved 98.9% overall accuracy Demonstrates reliable automated
malaria diagnostics.

[17] Improve diagnosis through deep
learning

DCNN on Giemsa-stained blood smears Improved infected-cell detection compared
with manual analysis

Reduces reliance on technician inter-
pretation.

[18] Identify severe malaria anaemia
early

MILISMA multiple-instance learning
and WHO criteria

Detected early RBC morphological indicators
of SMA

Enables early intervention for at-risk
children.

[19] Diagnose malaria with machine
learning

CNN feature extraction and Deep ELM Achieved 99.66% accuracy on a modified
dataset

Supports rapid and accurate diagnos-
tics.

[20] Study ICD in malaria infection LASSO, random forest, DEG analysis,
PPI networks

Identified ICD subtypes and immune-
response hub genes

Informs immunological research and
treatment strategies.

[21] Forecast disease dynamics and
adapt to malaria

Modified SIR model with uncertainty Adapted forecasting methods using weather
and case data

Provides flexible modelling for
malaria prediction.

[22] Enhance malaria detection in
Rwanda

Faster R-CNN feature extraction Improved feature extraction for blood-smear
detection

Supports accurate diagnosis in sub-
Saharan contexts.

[23] Identify antigen candidates for
drug and vaccine research

PlasmoFAB dataset and ML models Domain-specific models outperformed
general-purpose tools

Supports antigen discovery and vac-
cine research.
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approaches, is essential for controlling and eventually elimi-
nating malaria. By integrating ecological knowledge, techno-
logical advancement, and scientific cooperation, a substantial
decline in malaria incidence can be envisioned.
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