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ABSTRACT 
 
 

Introduction Dengue remains a major public health threat in Southeast Asia, with climate 
factors playing a significant role in its transmission. Climate-driven dengue 
modelling offers a valuable tool for outbreak forecasting and risk assessment. 
However, methodological rigour, predictive accuracy, and applicability vary 
across studies. This review aimed to map climate-driven dengue modelling 
approaches in Southeast Asia and evaluate their public health applicability. 

Methods A scoping review was conducted in accordance with the JBI framework and 
PRISMA-ScR guidelines. Studies focusing on climate-driven dengue 
prediction models were identified from PubMed, Scopus, and Web of Science. 
A total of 20 studies (N = 20) met the eligibility criteria. Eligible studies 
included those conducted in Southeast Asia that incorporated at least one 
climatic predictor into a dengue model and were published in English. Data 
extraction included model types, predictors, and model performance. 

Results The studies were included and categorized into four themes, Short-Term 
Forecasting, Long-Term Forecasting, Risk Mapping, and Climate–
Transmission Simulation Models. Temperature, rainfall, and humidity were 
the most used climatic variables. Short-term models demonstrated high 
predictive accuracy (80%–95%). Long-term and simulation models offered 
insights into seasonal dynamics and intervention scenarios. Risk mapping 
enhanced spatial targeting, particularly when integrating land-use or mobility 
data. Across all themes, reliance on internal validation and inconsistent 
performance reporting limited generalisability. 

Conclusions These models showed significant potential to improve surveillance and 
outbreak preparedness in Southeast Asia. Strengthening external validation, 
integrating socio-environmental predictors, and fostering regional 
collaboration through platforms such as the ASEAN Centre for Public Health 
Emergencies and Emerging Diseases (ACPHEED) are essential to scaling 
model use for public health decision-making. 
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INTRODUCTION 
Dengue fever is a significant public health concern 
in Southeast Asia. In 2023 alone, more than 6.5 
million infections were reported globally, resulting 
in 6,800 deaths. Southeast Asian countries, 
including Indonesia, the Philippines, Thailand, and 
Malaysia, accounted for a significant proportion of 
these cases.1 Malaysia reported nearly 130,000 
dengue cases in 2023, marking a 60% increase 
compared to the previous year.2 This persistent and 
escalating burden underscores the urgent need for 
effective surveillance and prediction tools to guide 
timely intervention. 

Climatic factors, including temperature, 
rainfall, and humidity, play a crucial role in shaping 
the dynamics of dengue transmission. These 
variables affect mosquito breeding, survival, and 
viral replication within the vector. Higher 
temperatures can accelerate virus replication, while 
rainfall increases the availability of breeding sites; 
however, excessive rain may disrupt mosquito 
habitats due to flooding.3,4 Humidity levels above 
60% are conducive to mosquito longevity, thereby 
extending the transmission window.5 As Southeast 
Asia faces increasing climate variability, predictive 
modelling has gained prominence as a tool to 
anticipate dengue outbreaks and inform proactive 
public health interventions. 

Climate-driven dengue prediction models, 
which incorporate climatic and environmental 
parameters into algorithmic or statistical 
frameworks, have demonstrated promising potential 
in outbreak forecasting. These models utilise a range 
of statistical, spatial, machine learning, and hybrid 
approaches, demonstrating predictive accuracies of 
up to 95% in some settings.6 Their applications 
include early warning systems, risk mapping, 
forecasting, and optimising response strategies.7 
Despite the growing number of such models, few 
reviews have systematically mapped their climatic 
predictors, methodological strengths, and real-world 
public health utility in the Southeast Asia context. 
Moreover, the limited use of structured appraisal 
frameworks has made it difficult to assess the quality 
and consistency of reported findings.  

This scoping review addresses that gap by 
mapping the current landscape of these models in 
Southeast Asia. It also aims to evaluate their 
strengths, limitations, and practical applications in 
public health settings. By providing a 
comprehensive synthesis, this review will guide 
future research, enhance model validation, and 
support integration of predictive tools into dengue 
surveillance systems across the ASEAN region. 
 
METHODS  
Study Design 
This scoping review was conducted in accordance 
with the Joanna Briggs Institute (JBI) methodology 

for scoping reviews, structured around the 
Population, Concept, and Context (PCC) 
framework.8 The reporting follows the PRISMA-
ScR (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses for Scoping Reviews) 
checklists to ensure transparency and completeness.  

To assess methodological quality, 
the Transparent Reporting of a Multivariable 
Prediction Model for Individual Prognosis or 
Diagnosis (TRIPOD) checklist was used to evaluate 
model development, validation, and performance.10 
For studies involving clustered or hierarchical data, 
the TRIPOD-Cluster extension was applied. These 
tools helped identify strengths, such as innovative 
modelling and high accuracy, as well as limitations, 
including the lack of validation tests.11 
 
Eligibility Criteria 
The eligibility criteria for this review were 
determined using the JBI PCC framework. The 
population includes studies examining dengue 
transmission, incidence, outbreaks, or dengue-
related risk in human populations. The concept 
focused on incorporating climate-driven predictors, 
such as temperature, rainfall, and humidity, or 
environmental data, into any form of dengue 
modelling approach.12 The context includes studies 
conducted in Southeast Asia (Brunei, Cambodia, 
Indonesia, Laos, Malaysia, Myanmar, Philippines, 
Singapore, Thailand, Timor-Leste, Vietnam).13 
Studies were eligible for inclusion if they 
incorporated at least one climatic variable into a 
dengue modelling framework, were published in 
English, and focused on any of the eleven Southeast 
Asian countries.  
 
Search Strategy  
A comprehensive literature search was conducted on 
30th November 2024 using PubMed, Scopus, and 
Web of Science to retrieve published articles from 
their inception until the search date. These three 
databases were selected because they are widely 
recognised and commonly used in academic 
research. Keywords used included dengue, 
prediction model, climate, temperature, humidity, 
and environmental data. Boolean operators and 
MeSH terms were applied where applicable. 
Although the search strategy included broad 
modelling-related terms (e.g., prediction models, 
forecasting, GIS), additional relevant modelling 
approaches such as spatiotemporal analysis, risk 
mapping, and simulation models were also captured 
during screening because they incorporated climatic 
predictors and met the PCC eligibility criteria. All 
identified articles were screened independently by 
two reviewers in two stages. The whole search 
equation for each database is presented in 
Supplementary Table 1.   
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Source of Evidence Selection 
Following the search, Rayyan software was utilized 
to compile and organise the bibliography and 
eliminate duplicate references. Two reviewers 
independently reviewed titles and abstracts to 
evaluate and select evidence, using the inclusion 
criteria to select potential studies. Then they 
examined the full text of the studies. Any 
disagreements between the two reviewers were 
settled by consensus. 
 
Data Charting 
Two reviewers independently extracted the data 
from the articles using a standardised form that 
captured the information in the selected studies, 
following the JBI guidelines and the template. 
According to the review questions, the initial 
template was designed to include information about 
the population, concept, context, methodology, type 
of modelling, and results. Any disagreement about 
10% or more of the extraction process was resolved 
by consensus. The complete data extraction form 
included the following key elements: author and 
year, location of study, objectives, study design, 
model type, climatic predictors, outcome measures, 
results of climatic predictors, performance, findings, 
strengths, and limitations for each model. 
 
Data Synthesis  
Extracted data were synthesised thematically based 
on four primary public health application domains. 
Short-term forecasting included models developed 
for early warning systems. Long-Term Forecasting 
comprises models that predict seasonal or annual 
dengue trends. Risk Mapping refers to spatial 
visualisations highlighting areas with elevated 
dengue vulnerability. Finally, Climate-Transmission 
Simulation Models integrate climatic and 
transmission dynamics to simulate dengue incidence 
under different scenarios, supporting public health 
planning.  

Each study was analysed to identify shared 
climatic predictors (e.g., temperature range 25-
35°C, rainfall lag 2-4 months), model type, and 
performance metrics (e.g., accuracy, sensitivity, 
AUC). Findings were synthesised through narrative 
analysis, supported by tabulated summaries that 
highlighted patterns, methodological gaps, and 
model applicability for public-health practice. 
 
Bias and Limitations 
Potential publication bias was acknowledged, as 
studies with negative or non-significant model 
outcomes may be underrepresented in indexed 
databases. Selection bias may also exist due to 
language restrictions and database choice. These 
limitations were mitigated by utilising multiple 
databases, conducting independent screening, and 
employing transparent inclusion criteria. 

RESULTS 
A total of 20 articles were included in this scoping 
review after screening against the eligibility criteria 
outlined in Figure 1. The studies were conducted 
across Southeast Asia, with the majority focused in 
Malaysia (14 studies), followed by Indonesia (3 
studies), Singapore (2 studies), and Vietnam (1 
study). These studies employed various modelling 
approaches, including statistical models, machine 
learning techniques, spatial models, and hybrid 
models, to predict dengue outbreaks (Supplementary 
Table 2-3) 
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Figure 1 PRISMA flow diagram illustrating the searching and selection process. 
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TRIPOD and TRIPOD-CLUSTER Appraisal 
The TRIPOD appraisal demonstrated adherence 
ranging from 86% to 100% across the studies 
(Supplementary Table 4). High adherence was 
observed in studies, such as Lu et al,33 with 100% 
adherence. Among the studies, 90% (18 studies) 
defined predictors, specified models, and reported 
statistical methods and model performance metrics. 
However, 50% failed to address missing data, and 
40% lacked details on supplementary materials. For 
TRIPOD-Cluster, adherence ranged from 85% to 
96%, with six studies having the highest scores 
(Supplementary Table 5). Most studies clearly 
defined clusters and predictors reported statistical 
analysis methods, and model development. 
Limitations included insufficient reporting of cluster 
sample sizes and external validation in the studies, 
as well as inadequate handling of missing data in all 
10 studies. 

Overall, strong adherence was observed in 
defining predictors, statistical methods, and model 
performance. Gaps were present, as many studies 
did not effectively handle missing data and lacked 
external validation, highlighting areas for 
improvement. 
 
Overview of Included Studies 
The models were grouped into four primary themes 
based on their public health applications: Short-
Term Forecasting, Long-Term Forecasting, Risk 
Mapping, and Climate-Transmission Simulation 
Models (Supplementary Table 2-3). 
 
Short-Term Forecasting (Early Warning Systems) 
Six studies focused on models that predict dengue 
within one to four weeks, thereby supporting the 
development of early warning systems.14–19 The 
most accurate approaches used machine learning, 
with one study reporting 92% accuracy using a 
customised climate index17 and another achieving 
95% accuracy using an IoT-based Random Forest 
Model.15 Models integrating mobility data also 
demonstrated strong performance, with accuracy 
reaching 93.5% in some cases.16 In general, 
accuracies above 80% suggest these models are 
reliable for short-term outbreak detection. However, 
most studies relied only on internal validation and 
required complex computations, which may make 
routine implementation challenging.14–19 
 
Long-Term and Seasonal Forecasting 
Five studies projected dengue trends over months or 
across monsoon seasons.20–24 Early statistical 
approaches, as reported in 2008, utilised multiple 
linear regression to forecast up to six months and 
identified relative humidity as the only significant 
climatic predictor.20 Another study employed 
autoregressive methods combined with climate 
variables to capture seasonal variation and lag 

effects, highlighting minimum temperature and high 
rainfall as predictive factors.21 More recent 
approaches applied advanced deep learning 
techniques such as attention-based long short-term 
memory (LSTM) models that effectively captured 
spatial and temporal dependencies in dengue 
trends.23,24 These models demonstrated good 
predictive accuracy, with RMSE values around 3.0, 
indicating minimal deviation between predicted and 
observed case counts. A similar model, based on a 
generalised additive framework, also showed 
climate-driven variability in dengue incidence, 
albeit with modest explanatory power.22 However, 
these models tended to be data- and computation-
intensive. Furthermore, most were not tested beyond 
the original dataset, limiting their use for policy 
planning across different regions.20–24 
 
Risk Mapping 
Six studies used spatial modelling to identify high-
risk areas.25–30 Early GIS-based models that relied 
solely on climate variables reported limited 
predictive value.25,27 However, when climatic data 
were combined with environmental, demographic, 
or mobility factors, performance improved 
significantly.29,30 For example, one study using 
hierarchical Bayesian spatial modelling achieved 
prediction accuracy of up to 90%,29 while another 
found that incorporating human mobility data 
enhanced village-level dengue cluster prediction.30 
Overall, these risk mapping studies effectively 
identified hotspots and informed targeted 
interventions; however, many studies did not report 
formal model accuracy, and external validation was 
generally lacking.25–30 
 
Climate-Transmission Simulation Models 
Three studies used hybrid climate–transmission 
models to simulate dengue incidence under varying 
climatic scenarios.31–33 Two studies applied coupled 
statistical and mechanistic frameworks, achieving 
approximately 90% accuracy for short-term 
forecasts, while enabling the simulation of 
transmission dynamics under different climatic 
conditions.31,32 These models are valuable for 
scenario-based public health planning but require 
extensive data and technical expertise. Another 
study proposed a district-level clustering model 
using rainfall and clustering methods; however, the 
absence of reported accuracy metrics limits 
confidence in its predictive reliability.33 

Across all categories, temperature and 
rainfall were the most used climatic predictors. 
Short-term models offered predictive performance, 
while long-term and risk mapping models offered 
valuable insights into planning and targeted 
interventions. Risk mapping and simulation studies 
increasingly integrate mobility and land-use data to 
improve spatial precision.  
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DISCUSSION 
This scoping review identified four major functional 
applications of climate-driven dengue models in 
Southeast Asia. While climatic factors such as 
temperature, rainfall, and humidity were used across 
all model types, their predictive significance varied 
by geographical and technical context.  

Short-term forecasting models, particularly 
those using machine learning, demonstrated 
effective learning and practical value in early 
outbreak detection. With accuracies frequently 
exceeding 80% to 90%, these models enable health 
authorities to anticipate outbreaks with reasonable 
confidence.34 For example, a model with 90% 
accuracy would correctly forecast dengue incidence 
nine out of ten times, which is highly valuable for 
initiating timely vector control activities.16,17 
However, in decision-making contexts, precision 
must be balanced with sensitivity to false negatives, 
given the potential public health consequences of 
missing early signals of an outbreak.35 

Long-term and seasonal models contribute 
meaningfully to strategic planning by capturing 
climate-driven trends and inter-seasonal patterns.36 
Yet, their computational demands and limited 
external testing reduce their immediate utility for 
routine surveillance, particularly in resource-
constrained settings.37 Risk mapping models, 
especially those integrating mobility or 
demographic data, provide spatially explicit insights 
that can guide targeted interventions.38 However, 
inconsistent performance reporting limits 
comparison across studies and reduces utility for 
public health policy makers.26,28,29 

Simulation models offer a powerful tool for 
scenario-based planning, particularly under 
conditions of climatic uncertainty.39 By combining 
deterministic transmission models with climate 
forecasts,40 these hybrid approaches enable 
policymakers to test the impact of interventions 
under future environmental conditions. These 
innovations are especially relevant in the context of 
climate change, where shifting disease transmission 
dynamics necessitate adaptable predictive tools. 
 
Implications for Public Health Practice and Policy 
Climate-based models have clear potential to 
enhance surveillance and decision-making in 
Southeast Asia. Nonetheless, real-world uptake 
remains limited due to model complexity, data 
dependency, and insufficient external validation. 
Regional collaboration is crucial to addressing these 
challenges. The ASEAN Centre for Public Health 
Emergencies and Emerging Diseases (ACPHEED) 
offers an existing platform for integrating climate-
based early warning systems into cross-border 
surveillance frameworks.41 Embedding such models 
within ACPHEED's operational structure would 
enhance regional preparedness and resilience, 

particularly in climate-sensitive and highly mobile 
border regions. 
 
Strengths and Limitations 
This review highlights considerable innovation in 
climate-based dengue modelling, including the 
integration of advanced machine learning 
techniques and multiple datasets. However, most 
models were tested only within their development 
dataset and lacked external validation, which limited 
comparisons across different contexts.26,29,33 
Inconsistent reporting of performance metrics and 
the absence of standardised benchmarks further 
hindered model evaluation.18 The limited integration 
of socio-environmental and vector data also reduces 
practical applicability.19 These gaps underscore the 
need for more comprehensive, externally validated, 
and operationally feasible modelling approaches. 
 
Recommendation 
Future research should focus on developing 
operationally feasible models that can be integrated 
into existing surveillance systems, especially in low 
and middle-income country settings in ASEAN. 
External validation across different regions and 
seasons is crucial for improving reliability. 
Expanding datasets to include non-climatic factors 
such as vector indices, urbanisation patterns, and 
mobility data may enhance model performance.42 
Regional efforts to harmonise modelling standards, 
share data, and build technical capacity under 
initiatives such as those by ACPHEED will be 
critical to advancing climate-based dengue 
modelling approaches. 
 
CONCLUSION 
Climate-based dengue prediction models have 
demonstrated significant potential to enhance 
surveillance, early warning, and targeted control 
efforts across Southeast Asia. Short-term forecasting 
models, with reported accuracy ranging from 80% to 
95%, offer the most promise for real-time outbreak 
prediction and rapid response. In contrast, risk 
mapping and simulation approaches provide 
valuable tools for intervention planning and policy 
evaluation. To maximise their public health impact, 
future efforts should focus on improving external 
validation, simplifying complex modelling 
frameworks, and strengthening regional 
collaboration through platforms such as the ASEAN 
Centre for Public Health Emergencies and Emerging 
Diseases (ACPHEED) to support the integration of 
models into routine surveillance practices across 
ASEAN countries. 
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Supplementary 
 
Table S1 Search Strategy based on Three Databases  
 

SCOPUS TITLE-ABS-KEY("dengue" OR "dengue fever" OR "Aedes aegypti" OR "Aedes albopictus") AND 
TITLE-ABS-KEY("prediction model" OR "forecasting" OR "machine learning" OR "statistical 
model" OR "GIS" OR "climate-driven") AND TITLE-ABS-KEY("climate" OR "temperature" OR 
"rainfall" OR "humidity" OR "environmental data") AND TITLE-ABS-KEY("Malaysia" OR 
"Brunei" OR "Cambodia" OR "Indonesia" OR "Laos" OR "Myanmar" OR "Philippines" OR 
"Singapore" OR "Thailand" OR "Timor-Leste" OR "Vietnam" OR "Southeast Asia ") 

PUBMED (("Dengue" [Mesh] OR "Dengue Fever" [Mesh] OR "Aedes aegypti" [Mesh] OR "Aedes albopictus" 
[Mesh] OR "dengue" OR "dengue fever" OR "Aedes aegypti" OR "Aedes albopictus")) 
AND  
(("Forecasting" [Mesh] OR "Machine Learning" [Mesh] OR "Models, Statistical" [Mesh] OR 
"Geographic Information Systems" [Mesh] OR "prediction model" OR "forecasting" OR "machine 
learning" OR "statistical model" OR "GIS" OR "climate-driven")) 
AND  
(("Climate" [Mesh] OR "Temperature" [Mesh] OR "Rain" [Mesh] OR "Humidity" [Mesh] OR 
"Environmental Monitoring" [Mesh] OR "climate" OR "temperature" OR "rainfall" OR "humidity" 
OR "environmental data")) 
AND  
(("Malaysia"[Mesh] OR "Brunei" OR "Cambodia"[Mesh] OR "Indonesia"[Mesh] OR "Laos"[Mesh] 
OR "Myanmar"[Mesh] OR "Philippines"[Mesh] OR "Singapore"[Mesh] OR "Thailand"[Mesh] OR 
"Timor-Leste"[Mesh] OR "Vietnam"[Mesh] OR "Southeast Asia"[Mesh])) 
 

WOS TS=("dengue" OR "dengue fever" OR "Aedes aegypti" OR "Aedes albopictus") AND 
TS=("prediction model" OR "forecasting" OR "machine learning" OR "statistical model" OR "GIS" 
OR "climate-driven") AND TS=("climate" OR "temperature" OR "rainfall" OR "humidity" OR 
"environmental data") AND TS=("Malaysia" OR "Brunei" OR "Cambodia" OR "Indonesia" OR 
"Laos" OR "Myanmar" OR "Philippines" OR "Singapore" OR "Thailand" OR "Timor-Leste" OR 
"Vietnam" OR "Southeast Asia ") 
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