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Abstract
Introduction: Dengue fever is a climate-sensitive vector-borne 
disease. While many studies have documented associations between 
climate variables and dengue incidence, most rely on conventional 
regression approaches that fail to separate direct and indirect 
climatic pathways, limiting mechanistic understanding and utility for 
environmental health. This study aims to elucidate the interconnected 
effects of climatic variability on dengue incidence in Surabaya. This 
study integrates seasonal time-series decomposition and path analysis 
to distinguish direct and indirect climatic pathways, sunlight duration 
and wind speed. Methods: A retrospective ecological design, monthly 
dengue incidence data from 2020 to 2024 were integrated with 
meteorological variables, including rainfall, temperature, humidity, 
sunlight duration, and wind speed. Seasonal time-series decomposition 
was applied to characterize temporal dynamics, followed by path 
analysis within a structural equation modeling framework to quantify 
direct and indirect climatic effects. Results and Discussion: A 
pronounced seasonal pattern in dengue incidence, with peaks during 
the rainy season. Maximum temperature, relative humidity, sunlight 
duration, and minimum wind speed exerted significant direct effects 
on dengue incidence (p < 0.05). Rainfall showed no direct association 
but acted as a key upstream driver influencing other climatic 
variables. The structural model explained 52.1% of the variance in 
dengue incidence, highlighting the contribution of interconnected 
climatic processes. Conclusion: These findings demonstrate that 
dengue dynamics in tropical metropolitan environments are governed 
by complex climate-mediated pathways rather than isolated climatic 
predictors. This study novel environmental epidemiological evidence 
to support climate-informed dengue early warning systems and 
adaptive vector control strategies under climate variability and urban 
environmental change.
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INTRODUCTION

Dengue is an acute systemic viral infection 
transmitted to humans through the bite of the Aedes 
aegypti and Aedes albopictus mosquitoes, the world’s 
fastest-growing mosquito species. Globally, the disease 
has spread to both endemic and epidemic levels, 

occurring more frequently in tropical and subtropical 
regions than in temperate climates (1–2). Change can 
impact terrestrial and marine ecosystems due to changes 
in temperature, humidity, rainfall patterns, and wind 
direction dynamics. The growth and development of both 
Aedes species are strongly influenced by temperature 
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and humidity. A warming climate and high rainfall can 
indirectly increase the risk of dengue fever transmission 
(3–4). A global study shows that climate variability 
factors, including global climate phenomena (El-Niño 
cycle) ño Southern Oscillation (ENSO) contributes 
to an increased risk of dengue outbreaks in several 
tropical and subtropical regions. In Indonesia, including 
Surabaya, ENSO events influence local rainfall patterns, 
temperature variability, and seasonal transitions. El Niño 
events are generally associated with reduced rainfall 
and prolonged dry seasons, whereas La Niña events 
increase precipitation intensity and duration. These 
climate anomalies may indirectly alter mosquito breeding 
habitats and dengue transmission dynamics through 
changes in local microclimatic conditions. However, the 
mechanism of the relationship between climate factors 
and dengue incidence is very complex, non-linear, 
influenced by spatial heterogeneity and has significant 
temporal dynamics (5–6).

Southeast Asia, including Indonesia, accounts for 
a significant proportion of dengue cases globally. A study 
found that dengue fever cases increased significantly in 
Southeast Asia between 2015 and 2019 (7). Metropolitan 
cities in Indonesia tend to face various risks, including 
overcrowding, rapid urbanization, and a seasonal tropical 
climate. There is a correlation between population density 
and mosquito flight distance, indicating that dengue 
transmission is more likely in cities with high populations 
(8). A spatial study in Indonesia shows that city clusters 
with moderate to high dengue fever incidence rates and 
high case densities are generally located in densely 
populated urban areas (3). Epidemiological studies 
in Surabaya, Indonesia’s second-largest metropolitan 
city, show that it is endemic for dengue fever, with case 
numbers varying from year to year. This variation is quite 
high compared to other cities in Indonesia (9).

A statistical association between several climate 
variables and dengue fever incidence was demonstrated 
in a study in Bandung City, Indonesia, from 2021 to 
2023 using multiple linear regression. These findings 
demonstrate that climate variability is a predictor of 
dengue fever incidence (10). Several countries used 
various regression, correlation, and time series models 
and found a strong correlation between several climate 
variables (often related such as temperature, humidity, 
and rainfall) and the number of dengue cases (11–14). 
Another study in Surabaya City, Indonesia, from 2009 
to 2017 showed that average temperature, rainfall, and 
humidity were related to the incidence of dengue fever 
(15). But another study in the same city in 2007-2017 
showed that rainfall and temperature were not related 
while humidity was related to dengue fever (9). Some of 

these research articles. Studies are generally limited to 
association analysis. They have not yet fully explored the 
causal analysis that explains the relationship between 
climate variables as a whole and the risk of dengue 
fever. It appears that other climate variables, such 
as wind speed and solar radiation, are not evaluated. 
This indicates a need for research that incorporates a 
broader range of climate variables and their relationship 
to dengue epidemiological models. Most studies on 
dengue fever are limited to large cities in Indonesia, 
with monthly and multi-year data resolutions and are still 
very limited, particularly in integrating multiple climate 
parameters simultaneously. Although previous studies 
have identified associations between climate variables 
and dengue incidence, many models remain focused 
on prediction or correlation analysis and provide limited 
understanding of direct and indirect climatic pathways 
required for operational early warning systems.

Despite extensive evidence demonstrating a 
relationship between climate variables and dengue 
incidence, current studies largely rely on correlation 
or regression approaches that treat climate factors as 
independent predictors, thus simplifying the inherent 
interconnectedness of the urban climate system. This 
limitation hinders a mechanistic understanding of how 
climate factors operate through direct and indirect 
pathways, particularly in tropical urban environments 
where rainfall, temperature, humidity, wind dynamics, 
and solar radiation interact nonlinearly. Furthermore, key 
urban microclimate variables such as wind speed and 
sunshine duration remain underexplored, while rainfall 
is often modeled as a direct determinant despite its 
context-dependent and mediated effects. 

To address this gap, this study proposes a 
systems-based environmental epidemiology approach 
by integrating seasonal time series decomposition 
with path analysis (structural equation modeling) to 
explicitly separate direct and indirect climate pathways 
affecting dengue incidence. Using Surabaya a large 
tropical coastal city characterized by monsoon climate 
variability and dense urbanization as a representative 
environment, this study provides new empirical evidence 
on how upstream climate factors shape dengue dynamics 
through interconnected microclimate processes, thereby 
strengthening the scientific basis for climate-based early 
warning systems and adaptive vector control strategies 
in a rapidly developing tropical region. This is among 
the first studies in Indonesia to evaluate interconnected 
climatic pathways influencing dengue transmission using 
a structural equation modeling framework in a large 
tropical coastal city.
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Therefore, the objectives of this study are to 
analyze the temporal and seasonal patterns of dengue 
fever incidence in Surabaya City for the period 2020–
2024, to examine the direct and indirect effects of 
climate factors on dengue fever incidence using path 
analysis, and to identify key climate variables that have 
the potential to be used as indicators in a climate-based 
dengue early warning system.

METHODS
Study Area and Period

This study was conducted in Surabaya, the 
second largest metropolitan city in Indonesia, located on 
the northern coast of East Java (7°15′–7°21′S, 112°36′–
112°54′E). Surabaya has a tropical monsoon climate 
characterized by two distinct seasons: a wet season 
from November to April and a dry season from May to 
October. The average annual rainfall ranges between 
1,500 and 2,000 mm, with temperatures fluctuating 
between 24°C and 34°C. The city’s dense population, 
estimated at approximately 3.1 million in 2020 and 
gradually increasing throughout the study period, 
provides favorable ecological and social conditions 
for mosquito breeding and dengue transmission. The 
study covered a five-year period, from January 2020 
to December 2024, to capture temporal variations and 
long-term trends in dengue incidence and associated 
climatic factors. Although the five-year observation period 
does not capture long-term climate change trends, it is 
sufficient to evaluate seasonal climate variability and 
short-term climate–dengue relationships within an urban 
tropical setting.

Data Sources
Two main types of data were utilized in this 

study: epidemiological and climatic. Dengue data were 
obtained from the Surabaya City Health Department and 
consisted of monthly and annual records of both Dengue 
Fever (DF) and Dengue Hemorrhagic Fever (DHF) 
cases, along with reported deaths. Cases were further 
categorized by sex (male, female) and age groups 
(< 5 years, 5–14 years, 15–64 years, > 64 years). To 
ensure comparability across years, population data were 
retrieved from the Central Statistics Agency (BPS) and 
used as the denominator to calculate incidence rates 
(IR) per 100,000 population. Case fatality rates (CFR) 
were also calculated as the proportion of deaths among 
reported cases.

Climate data were collected from the 
Meteorological, Climatological, and Geophysical Agency 

of Indonesia (BMKG) Surabaya Station. The dataset 
included monthly observations of rainfall (mm), average 
temperature (°C), maximum and minimum temperature 
(°C), relative humidity (%), sunlight duration (hours), and 
wind speed (m/s). These variables were selected based 
on their established relevance to the life cycle of Aedes 
aegypti mosquitoes and previous studies linking climate 
variability with dengue outbreaks. Climate data was 
obtained from the BMKG Meteorological Station Perak I 
Meteorological Station. Climate data can be downloaded 
for free at https://dataonline.bmkg.go.id/dataonline-home  

Variables
The primary dependent variable was dengue 

incidence (number of cases per 100,000 population). 
Independent variables included multiple climatic 
parameters: rainfall, mean temperature, maximum 
temperature, minimum temperature, humidity, sunlight, 
and wind speed. Epidemiological indicators such as 
incidence rate (IR) and case fatality rate (CFR) were 
calculated using the following formula: Incidence Rate 
(IR) = (Number of new cases ÷ Population) × 100,000; 
Case Fatality Rate (CFR) = (Number of deaths ÷ Number 
of cases) × 100. These indicators were used to evaluate 
both the magnitude and severity of dengue transmission 
across years.

Data Analysis
Data analysis was carried out in several 

stages, combining descriptive epidemiology, time-series 
methods, and statistical modeling. Annual and monthly 
distributions of dengue cases were described by category 
(DF, DHF, deaths), sex, and age group. The incidence 
rate (IR) and case fatality rate (CFR) were calculated 
using standard epidemiological formulas.

   To explore the temporal dynamics of dengue 
cases, seasonal-trend decomposition was applied. An 
additive decomposition model was selected because 
the magnitude of seasonal fluctuations remained 
relatively stable throughout the observation period. 
This method separates the observed time series into 
three key components: trend-cycle, seasonal variation, 
and irregular fluctuations. By doing so, it allows the 
identification of long-term trajectories, recurrent seasonal 
peaks (eg, during rainy seasons), and unexpected 
anomalies beyond regular patterns.

Yt = Tt + St + It

Where Yt represents observed dengue cases 
at time t, Tt is the long-term trend component, St is the 
seasonal factor repeating annually, and it is the irregular 
(residual) component.
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A path analysis framework was employed to 
test the causal relationship between climatic factors 
and dengue incidence. Rainfall was modeled as an 
exogenous variable influencing other climatic factors 
such as temperature, humidity, and wind speed. These 
intermediate variables, in turn, were hypothesized to 
directly affect dengue incidence. Path coefficients, 
t-statistics, and p-values ​​were used to assess the 
strength and significance of each relationship. Statistical 
analyzes were performed using SmartPLS version 3.0 
and R version 4.3, with a significance threshold set at p 
< 0.05. The general form of the structural equation can 
be expressed as:

Y2 = β1X2 + β2X4 + β3X5 + β4X7 + ε

Where Y2 = dengue incidence, X2 = maximum 
temperature, X4 = humidity, X5 = sunlight duration, X7 
= minimum wind speed, and ε = error term. Additionally, 
rainfall (Y1) was modeled as an exogenous predictor of 
several climatic factors:

Xi = αiY1 + εi

Where Xi (i = 1–8) denotes climatic variables 
such as mean temperature, maximum temperature, 
minimum temperature, humidity, sunlight, and wind 
speed. The significance of each path was assessed 
using t-statistics:

t = β̂ / SE(β̂)

Where β̂ is the estimated path coefficient and 
SE(β̂) its standard error. Paths with |t| ≥ 1.96 at p < 0.05 
were considered statistically significant.

The adequacy of the path model was assessed 
using R-square and adjusted R-square values ​​for 
endogenous variables. This ensured that the model 
accounted for a meaningful proportion of variance in 

dengue incidence. Multicollinearity was checked prior to 
model estimation to avoid overlapping influences among 
predictors. Model adequacy was evaluated using the 
coefficient of determination (R²):

R² = 1 - Σ(Yi - Ŷi)² / Σ(Yi - Ȳ)²

Where Yi are observed values, Ŷi are predicted 
values, and Ȳ is the mean of observed values.

RESULTS

Table 1 and Figure 1 shows that the number of 
dengue cases in Surabaya City during the 2020–2024 
period fluctuates consistently with seasonal patterns. On 
a monthly basis, cases tend to increase at the beginning 
of the year, peaking during the rainy season, then decline 
in the middle to end of the year when rainfall decreases. 
On an annual basis, case trends vary between years, 
with higher spikes in cases in certain years compared to 
the previous year, likely influenced by climatic conditions, 
population density, and the effectiveness of vector control 
interventions. This pattern confirms that seasonal and 
climatic factors play a significant role in the dynamics 
of dengue transmission in tropical urban areas such as 
Surabaya.

Based on Figure 2, the climate pattern in 
Surabaya City during the 2020–2024 period shows 
consistent seasonal variations. Average monthly rainfall 
peaked in January-March at 250–350 mm, while during 
the dry season (July-September) it dropped drastically to 
below 50 mm. Relative humidity follows this pattern, with 
peak levels reaching over 85% during the rainy season 
and decreasing to around 70% during the dry season. 
Average monthly temperatures are relatively stable 
between 27–29°C, with maximum temperatures tending 
to rise to 33–34°C during dry months, while minimum 
temperatures can drop to 24–25°C during wet months. 

Table 1. Annual Dengue Fever Cases (Category, Sex): Population, Incidence (Per 100,000 Population), and Death Toll, 2020–
2024

Variables
Years

p
2020 2021 2022 2023 2024

Case

       Dengue hemorrhagic fever (DHF) 73 111 195 191 231

       Die 0 0 1 0 0

Gender P > 0.1

       Male 51 69 112 104 128

       Female 22 42 83 87 103

Total Population 2,904,751 2,918,543 2,928,058 2,936,833 2,921,996

IR* per 100,000 Population 2.51 3.8 6.7 6.5 7.9

CFR (%) 0 0 0.51 0 0

ABJ (%) 96% 96.5 97.68 98.22 98.38
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The duration of sunshine shows the opposite 
trend, decreasing to less than 5 hours per day during 
months with high rainfall, but increasing to more than 
8 hours per day during the dry season. These climate 
dynamics have significant epidemiological implications: 
high rainfall and favorable humidity create optimal 
breeding habitats for Aedes aegypti, while warm and 
stable temperatures accelerate the mosquito life cycle 
and dengue virus replication. Therefore, the peak rainy 
season reflected in these climate data plays a key 
role in explaining the increase in dengue incidence in 
Surabaya.

Figure 3 decomposes the time series data 
of dengue cases from 2020 to 2024 into three key 
components: trend (trend-cycle), seasonal factors, and 

seasonally adjusted data. Trends reveal the long-term 
movement of dengue cases, indicating whether there has 
been an overall increase, decrease, or stability over the past 
five years. The seasonal component extracts consistent 
recurring patterns each year, such as peak months (e.g., 
early in the year) and low months (e.g., mid-year), which 
are associated with climatic factors like the rainy season. 
Meanwhile, seasonally adjusted data removes the effects 
of these recurring patterns to identify anomalies or events 
outside the usual pattern, such as unexpected outbreaks that 
may be triggered by non-climatic factors like environmental 
changes or the effectiveness of prevention programs. Overall, 
this decomposition allows for a more in-depth analysis of 
dengue case dynamics by separating data variation into 
trends, seasonal cycles, and irregular fluctuations.

Figure 1. Dengue Cases 2020-2024 in Surabaya, Indonesia. A. Monthly, B. Annually

Figure 2. Monthly Climate Data from 2020-2024 in Surabaya City, Indonesia
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Figure 4 is a structural equation modeling (SEM) 
diagram that visualizes the causal relationships between 
variables as tested in the table. This diagram shows 
that the rainfall variable (Y1) is modeled as a factor that 
influences four other weather variables, namely Average 
Temperature (X1), Maximum Temperature (X2), Minimum 
Temperature (X3), and Humidity (X4). Furthermore, all 

eight weather variables (X1 to X8) have a direct path to the 
final variable, namely Dengue cases (Y2). The numbers 
indicated by each arrow are T-Statistic values ​​that indicate 
the strength and significance of each relationship; values ​​
above approximately 1.96 (such as 2.363 for X2->Y2 
or 5.124 for X7->Y2) indicate a significant relationship, 
consistent with the results presented in the table.

Figure 3. Regional Decomposition of Dengue Cases 2020-2024 in Surabaya, Indonesia

Figure 4. Path Analysis of Climate Factors with Dengue in Surabaya, Indonesia



Jurnal Kesehatan Lingkungan/10.20473/jkl.v18i3.2026.275-285 Vol. 18 No.3 July 2026 (275-285)

281

Table 2. R² and Adjusted R² Values ​​for Structural Equation 
Model of Climate-Dengue Relationship

R Square R Square Adjusted
X1 0.019 0.002

X2 0.070 0.054

X3 0.003 -0.014

X4 0.072 0.056

X5 0.562 0.555

X6 0.063 0.047

X7 0.463 0.454

X8 0.126 0.111

Y2 0.521 0.435

Table 2 shows that climate variables have varying 
contributions to the model, with sunlight (X5) having the 
highest R Square value of 0.562 (Adjusted R² = 0.555), 
followed by minimum wind speed (X7) of 0.463 (Adjusted 
R² = 0.454), indicating that these two factors are most 
strongly explained by other variables in the model, 
especially rainfall as the main determinant. In contrast, 
average temperature (X1), minimum temperature (X3), 
and maximum temperature (X2) show low R Square 

values ​​(< 0.07), so their variations are relatively small 
influenced by rainfall. For the case of dengue (Y2), the 
R Square value of 0.521 with an Adjusted R Square of 
0.435 indicates that approximately 52.1% of the variation 
in dengue cases in Surabaya can be explained by 
climate factors in the model, while the remainder is likely 
influenced by non-climatic factors such as community 
behavior, population density, environmental sanitation, 
and the effectiveness of vector control.

Table 3 presents the results of path analysis to 
test the direct influence of various variables on dengue 
fever cases (Y2) and the influence of rainfall (Y1) on 
several weather variables. The results show that of the 
eight variables tested, four of them have a statistically 
significant influence (p-value < 0.05) on Y2. These 
variables are Maximum Temperature (X2) which has a 
negative effect, Humidity (X4) and Sunlight (X5) which 
have a positive effect, and Minimum Wind Speed ​​(X7) 
which also has a positive effect. On the other hand, 
rainfall (Y1) is only proven to significantly influence 
Maximum Temperature (X2) with a negative influence, 
while its influence on Average Temperature, Minimum 
Temperature, and Humidity is declared insignificant.

Correlation Original Sample Sample Mean Standard Deviation T Statistics P-Value

X4 -> Y2 1,181 1,445 0.534 2,210 0.028*

X5 -> Y2 1,063 1,073 0.279 3,807 0.000*

X6 -> Y2 -0.556 -0.522 0.398 1,397 0.163

X7 -> Y2 0.777 0.731 0.161 4,840 0.000*

X8 -> Y2 0.480 0.577 0.364 1,318 0.188

Y1 -> X1 -0.136 -0.192 0.099 1,381 0.168

Y1 -> X2 -0.265 -0.285 0.133 1,996 0.046*

Y1 -> X3 0.056 0.044 0.102 0.549 0.583

Y1 -> X4 0.268 0.428 0.287 0.934 0.351

Y1 -> X5 -0.750 -0.759 0.046 16,191 0.000*

Y1 -> X6 -0.251 -0.254 0.126 1,984 0.048*

Y1 -> X7 0.681 0.682 0.072 9,515 0.000*

Y1 -> X8 -0.355 -0.358 0.121 2,938 0.003*

Y1 -> Y2 -0.351 -0.391 0.214 1,638 0.102

Table 3. The Relationship Predicting Climate and Dengue Case Factors

*Significant

DISCUSSION

Using a retrospective ecological design on 
monthly dengue case data from January 2020 to 
December 2024, this study demonstrates that the 
dynamics of dengue cases in Surabaya are influenced 
by a combination of climate factors through direct and 
indirect pathways. These findings confirm that dengue 
transmission in tropical urban environments is the result 
of complex interactions between climate variables that 
form an environmental system, rather than the sole 
influence of a single meteorological parameter.

Certain climate variables, maximum temperature, 
humidity, sunshine duration, and minimum wind speed, 
have a significant direct influence on dengue incidence. 
Several studies in Indonesia have shown that humidity, 
low wind speed, and air temperature are significantly 
associated with increased dengue fever cases (16–19). 
Rainfall acts as an indirect determinant that influences 
other climate variables, rather than as a direct predictor 
of dengue incidence (20). This indirect role indicates that 
rainfall acts as an upstream climatic driver that modifies 
urban microclimate conditions before impacting the risk 
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of dengue transmission. Other studies have shown that, 
with a time-lagged effect, rainfall and temperature play a 
significant role in influencing dengue outbreaks (11).

Maximum temperatures are known to accelerate 
the life cycle of Aedes aegypti and dengue virus 
replication, but extreme temperatures can actually 
decrease mosquito survival (21). This relationship 
reflects the vector’s threshold-dependent response to 
environmental temperature. Co-infection and warmer 
temperatures appear to promote faster dengue virus 
replication in the early stages of infection. One study 
showed that mosquito mortality rates were consistently 
lower at 32°C than at 27°C (22). The high relative 
humidity factor can increase the survival rate of adult 
mosquitoes and the opportunity for contact between 
vectors and humans (23). Humidity is a microclimatic 
factor that greatly influences the abundance of dengue 
fever vectors, but this study shows a negative correlation 
between the incidence of dengue fever and maximum 
humidity (24). These findings strengthen evidence 
that the influence of humidity is contextual and highly 
dependent on local environmental conditions and the 
dominant vector species. Furthermore, humidity factors 
show inconsistent correlations across mosquito species, 
so the direction of the relationship is not always the same 
(25). 

The urban environment, particularly the duration 
of sunlight, influences micro-temperature and the 
availability of mosquito breeding habitats (26). The highest 
correlation value (r = 0.311) for the duration of sunlight 
variable indicates a positive association with increased 
dengue fever cases, as longer sunlight encourages 
mosquitoes to seek shaded resting places and tend to 
stay indoors (12). This phenomenon emphasizes the 
importance of urban microclimate factors, which are often 
overlooked in climate-based dengue risk modeling. Low 
maximum wind speeds allow for more stable mosquito 
flight activity and increase local transmission. Studies in 
Europe have shown that Aedes albopictus is not found 
under high maximum wind speeds, and each one-unit 
(m/s) increase in wind speed reduces the suitability of the 
vector’s habitat by 3.16% (27). This suggests that wind 
dynamics serve as an important ecological constraint on 
the distribution and successful transmission of vectors.

The role of rainfall as an indirect factor, as 
demonstrated in this study, indicates that the relationship 
between rainfall and dengue fever is nonlinear. In a 
study using a distributed lag nonlinear model (DNLM), 
the cumulative exposure-response relationship between 
rainfall and dengue fever incidence showed a complex 
and spatially inconsistent pattern (5). Rainfall can 
influence dengue fever cases by modifying environmental 

conditions such as sunlight and wind speed. Consistent 
with research in Paraguay, rainfall and wind speed 
showed a negative association, while sunlight showed 
a positive association with dengue fever incidence 
(28). This finding conceptually challenges the linear 
assumption that increased rainfall is always synonymous 
with increased dengue risk.

In this study, the use of path analysis allows 
for the separation of direct and indirect influences 
that cannot be captured by conventional regression. 
This approach provides a systems-based analytical 
framework that is more suitable for examining the 
complex interactions of environmental factors. Path 
analysis separates correlations into direct and indirect 
effects of the explanatory variables on the primary 
variable (29). In addition, the integration of seasonal 
decomposition of time series reduces bias due to the 
recurring seasonal pattern of the dengue transmission 
cycle. This decomposition helps isolate long-term trends, 
seasonal variations, and residual fluctuations, thereby 
improving the interpretability of the climate-disease 
relationship (30). The R² value of 52.1% indicates that 
climatic factors have substantial explanatory power, 
although non-climatic factors still play a role. Other 
studies have also confirmed that climatic factors such as 
rainfall, humidity, temperature, wind speed, and sunshine 
duration contribute to the incidence of dengue fever (31).  
While population density and urban social characteristics 
also increase the risk of transmission (32).

The results of this study are in line with studies 
in Southeast Asia and Latin America which emphasize 
the role of temperature and humidity as the main 
determinants of dengue in tropical regions (33). Studies 
in South Asia also show that increasing temperature 
and relative humidity are associated with increased 
abundance of the Aedes vector (34). Variations in findings 
between regions reflect differences in environmental 
characteristics, levels of urbanization, and local climate 
dynamics. Continued urbanization in Central Africa, for 
example, has been associated with a 1.7% increase 
in Aedes aegypti abundance (35). Thus, this study 
enriches the global literature with empirical evidence 
from a coastal tropical metropolis that remains relatively 
underrepresented in dengue-climate studies.

Southeast and South Asia are expected to 
experience an increased risk of dengue transmission 
due to local climate change. Long-term mitigation efforts, 
such as limiting greenhouse gas emissions, have the 
potential to reduce the disease burden in the future 
(36). Climate variables such as temperature, rainfall, 
cloud cover, and surface pressure have been proposed 
as indicators in dengue early warning systems (37-38). 
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Studies in Southern Thailand have shown a strong 
association between climate indicators and dengue risk 
at the district level (39).The findings of this study support 
the development of an early warning system based on 
multiple climate indicators, rather than relying on a single 
variable such as rainfall. Integrating climate data with 
epidemiological surveillance also has the potential to 
increase the effectiveness of vector control interventions 
in urban areas. The climate-based risk index approach in 
Mexico demonstrated significant benefits in the context 
of regions with limited entomological capacity (40).

	This study has several limitations. First, the 
ecological design does not allow for causal inference at 
the individual level. Second, non-climatic factors such 
as population mobility, community behavior, and vector 
control interventions have not been fully incorporated. 
In addition, part of the study period overlapped with 
the COVID-19 pandemic, which may have influenced 
dengue surveillance, healthcare-seeking behavior, and 
transmission dynamics. Nevertheless, the study utilized 
official dengue surveillance records from the Surabaya 
City Health Department, which remained operational 
throughout the pandemic period. Since the primary 
objective was to examine climate–dengue relationships 
rather than estimate absolute disease burden, the 
data were considered appropriate for the present 
analysis. However, the potential impact of pandemic-
related behavioral and healthcare changes cannot be 
completely excluded. Third, the monthly resolution of the 
data may not capture weekly or daily dynamics. Fourth, 
this study focuses on the contemporary climate-dengue 
relationship and does not explicitly model lagged effects. 
Nevertheless, the systemic approach used provides a 
strong methodological foundation for further research. 
Future research is recommended to integrate high-
resolution climate data, entomological data, and social 
factors using dynamic modeling or machine learning 
approaches and conduct cross-city studies to test the 
generalizability of the climate-dengue model.

CONCLUSION

This study demonstrates that dengue dynamics 
in Surabaya, a tropical coastal megacity, are governed 
by interconnected climatic pathways rather than isolated 
meteorological variables. Through a retrospective 
ecological design integrating seasonal time-series 
decomposition and path analysis, we show that maximum 
temperature, relative humidity, sunlight duration, and 
minimum wind speed exert significant direct effects on 
dengue incidence, while rainfall primarily functions as an 
indirect upstream driver by shaping urban microclimatic 
conditions. These findings highlight the non-linear and 

mediated nature of climate–dengue relationships and 
challenge conventional approaches that treat rainfall as 
a standalone predictor of dengue outbreaks in tropical 
urban environments.

By advancing a systems-based environmental 
epidemiology framework, this study provides novel 
empirical evidence from an underrepresented tropical 
metropolitan context and offers a transferable analytical 
approach for climate-sensitive disease research. The 
results underscore the need for dengue early warning 
systems and adaptive vector control strategies to 
incorporate multiple interacting climatic indicators, 
particularly those reflecting urban microclimate dynamics, 
under increasing climate variability and urbanization. 
As climate change continues to reshape environmental 
conditions in tropical cities, understanding climate-
mediated dengue pathways is essential for strengthening 
urban health resilience and informing evidence-based 
public health interventions.
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