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Abstract 

Dengue infection remains a vital public health challenge in Indonesia, especially in Pontianak 

City, marked by fluctuating case numbers and unpredictable transmission patterns influenced by 

climate and environmental factors. Current prevention efforts are often hampered by the lack of 

precise, integrated early warning information about regional vulnerability. This study aims to 

develop and evaluate a predictive model for dengue infection vulnerability by incorporating 

climate factors (rainfall intensity, humidity), population density, and larval-free index (LFI) to 

establish an accurate early warning system. An observational analytic study with a cross-sectional 

design was carried out using data from 2022 to 2024 in Pontianak. The study examined monthly 

rainfall intensity, relative humidity, population density, and LFI as predictors for dengue 

incidence. Data were analyzed using univariate, bivariate, and multivariate logistic regression 

analysis to assess regional vulnerability. The results show that rainfall intensity (p= 0.025; AOR= 

2.097; 1.100 - 3.398) and LFI (p= 0.042; AOR= 1.102; 1.100 - 3.398) were the predictor of dengue 

risk. The prediction model can support stakeholders and the community in implementing timely 

and targeted prevention strategies to lessen the burden of dengue infection  
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1. INTRODUCTION 

Dengue fever is the most widespread arboviral disease worldwide, with a rapidly 

increasing global burden driven by climate variability, urbanization, and population growth. In 

2024, reported dengue cases exceeded 14 million across more than 90 countries, marking the 

highest incidence on record and underscoring dengue as an escalating global health and 

environmental challenge, particularly in tropical and subtropical regions (Anas et al., 2025). In 

2024, more than 14 million dengue cases were reported worldwide, doubling the burden 

recorded in 2023, with active transmission documented in over 90 countries (Yang et al., 2025; 

Zhang et al., 2025). Southeast Asia remains one of the most affected regions, reflecting the 

strong influence of climate, environmental, and demographic conditions on dengue 

transmission dynamics (Nugraheni et al., 2026). 

Indonesia remains among the countries with sustained dengue transmission. National 

surveillance recorded over 244,000 cases in 2024, with pronounced spatial and temporal 

variability at subnational levels (Mamenun et al., 2024). In West Kalimantan and Pontianak 

City, annual fluctuations in reported cases coexist with persistent transmission, indicating that 

relatively low incidence does not equate to low vulnerability and highlighting the need for 

proactive, location-specific risk assessment (Dinkes Kalbar, 2024). 

Dengue transmission is strongly shaped by meteorological and environmental conditions 

that regulate Aedes aegypti dynamics (Nosrat et al., 2021). Temperature (Aulia, 2020), rainfall 

(Abdullah et al., 2022), and humidity directly influences mosquito survival  (Caldwell et al., 

2021), breeding, and viral replication, while demographic factors such as population density 

and larva-free rates modulate human–vector contact (Lahondère et al., 2023). Previous studies 

have demonstrated significant associations between dengue incidence and climatic variables 

(Benedum et al., 2018), population density (Lolo & Wiyono, 2023), and larva-free indices 

(Amelinda et al., 2022). Recent predictive models have demonstrated high accuracy in 

identifying high-risk areas (Andrade Girón et al., 2025; Dom et al., 2025; Xie et al., 2025). 

However, in practice, dengue prevention efforts are often hindered by fragmented data, limited 

integration of environmental and epidemiological indicators, and the lack of accessible, real-

time risk information for local decision-makers and communities. Their integration into 

operational early warning systems remains limited, particularly at the urban scale. 

This study develops an integrated early detection model for dengue susceptibily in 

Pontianak City by combining climate factors and LFI. By generating spatially explicit and 

accessible risk information, this approach aims to strengthen early warning capacity and 

support timely, targeted, and evidence-based dengue prevention strategies in rapidly urbanizing 

tropical environments. 

 

2. RESEARCH METHOD 

This study employed an observational analytical design with a cross-sectional approach 

to examine the association between climate parameters, population density, and Larvae-Free 

Index (LFI) as independent variables, while dengue fever incidence rate served as the dependent 

variable. Pontianak City was selected due to its tropical climate, high population density, and 

persistent dengue transmission.  

Both primary and secondary data were utilised in this study. Primary data were collected 

using structured field recording sheets. Secondary data were obtained from the Indonesian 

Agency for Meteorology, Climatology, and Geophysics (BMKG), the Central Statistics Agency 

of Pontianak City (BPS), and the Pontianak City Health Office. The dataset covered the period 

from 2022 to 2024 and was organised at the urban village (kelurahan) level in Pontianak. The 

study variables included monthly rainfall intensity (mm), relative humidity (%), population 

density (persons/km²), LFI (%), and dengue fever incidence rate (IR). Each parameter was 

assigned a score of 1 (high risk) or 2 (low risk) according to predefined thresholds (e.g., rainfall 
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intensity ≤200 mm/month, humidity >80%, population density ≥ 64 person/km2, LFI ≥84%, 

and incidence rate ≥10 were classified as high risk).  

Descriptive (univariate) analysis was conducted to summarize the distribution of all study 

variables, including rainfall intensity, relative humidity, population density, House Index, and 

dengue incidence rate. Bivariate analysis was performed using chi-square tests to assess the 

association between each independent variable and dengue incidence rate under a cross-

sectional framework. To evaluate the combined effects of factors on dengue transmission, 

multivariate analysis was conducted using multiple logistic regression.  Statistical significance 

was defined as a p-value < 0.05. All analyses were performed using standard statistical 

software. This study was approved by the Medical and Health Research Ethics Committee of 

the Faculty of Medicine, Public Health and Nursing at Universitas Gadjah Mada with Approval 

Letter No. KE/FK/0797/EC/2022. 

 

3. RESULTS AND DISCUSSION 

A total of 216 observations were analyzed, combining monthly data from 2022 to 2024 

across all urban village in Pontianak. 

 

Table 1. Rainfall Intensity, Humidity, Population Density, Larva-Free Index, and Dengue 

Incidence Rates From 2022 To 2024 

Parameter Mean Minimum Maximum 

Rainfall 263.86 97 528 

Relative Humidity 84.00 78 88 

Population Density 76.2639 3041 9268 

Larva-Free Index 6405.83 64.22 86.83 

Incidence Rate 10.4472 00 58.88 

Overall, the study area experienced relatively high rainfall intensity and humidity. Mean 

monthly rainfall intensity was 263.86 mm (range: 97–528 mm), and mean relative humidity 

was 84% (range: 78–88%). Population density varied widely across districts, while the larva-

free index ranged from 16% to 89%, indicating substantial variation in vector control 

conditions. The average dengue incidence rate (IR) was 10.45, with a maximum value of 58.88, 

reflecting marked spatial and temporal heterogeneity in dengue transmission.  

Bivariate analysis was conducted to assess the association between each risk factor and 

dengue incidence rate. Rainfall intensity and population density showed statistically significant 

relationships with dengue incidence. Areas with higher rainfall intensity were more likely to be 

classified as dengue-risk areas (p = 0.039), and higher population density was also significantly 

associated with increased dengue risk (p = 0.003). In contrast, relative humidity and the larva-

free index did not show statistically significant associations with dengue risk at the bivariate 

level (p > 0.05), although areas with lower larva-free rates tended to have higher dengue 

incidence. 

 

Table 2. Risk Factors of the Incidence Rate of Dengue Fever. 
Incidence Rate of Dengue Fever 

Variable High Risk Low Risk Total P-Value COR  
n % n % N % 

Larvae-Free 

Index 

        

High Risk  73 38.0 119 62.0 192 100 0.047* 3.067 

(1.008-9.329) Low Risk 4 16.7 20 83.3 24 100 

Relative 

Humidity 

        

High Risk  69 34.2 133 65.8   0.148 0.389 
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Low Risk 8 57.1 6 42.9   (0.130-1.166) 

Rainfall         

High Risk  60 40.5 88 59.5 148 100 
0.039* 

2.045 

(1.079 – 3.877) Low Risk 17 25.0 51 75.0 68 100 

Population 

Density 

      
 

 

High Risk  37 34.3 71 65.7 108 100 
0.776 

0.886 

(0.507-1.547) Low Risk 40 37.0 68 63.0 108 100 

Multivariate logistic regression was used to identify the most influential predictors after 

controlling for other variables. In the final model, rainfall intensity and the larva-free index 

remained significant predictors of dengue vulnerability. Higher rainfall intensity ncreased the 

likelihood of dengue occurrence (p = 0.025), while lower larva-free rates were also significantly 

associated with higher dengue risk (p = 0.042). Other variables did not retain significance in 

the adjusted model. 

 

Table 3. Predictive Model of Dengue Fever Incidence Rate 

Predictors Coef. B SE p-Value AOR (95% CI) 

Rainfall Intensity 0.740 0.329 0.025 2.097 

(1.100 – 3.398) 

LFI 0.012 0.006 0.042 1.102 

(1.000 – 1.023)     

Constant*  -1.631 0.769 0.034 - 

Table 4 presents the results of a predictive regression model examining the association 

between rainfall intensity, LFI, and dengue fever incidence rate. The analysis shows that 

rainfall intensity is a statistically significant predictor of dengue incidence (AOR=2.097; 

1.100–3.398) indicates that for every unit increase in rainfall intensity, the odds of dengue 

incidence increase by approximately 2.1 times, holding other variables constant. Similarly, LFI 

is also a significant predictor (AOR = 1.102; 1.000–1.023) suggests that each unit increase in 

LFI is associated with a slight increase in the odds of dengue incidence. Overall, both rainfall 

intensity and LFI are statistically significant factors influencing dengue fever incidence in the 

model, with rainfall demonstrating a stronger effect size compared to LFI. The formula to 

predict the dengue fever incidence rate using the coefficients (ꞵ) can be shown below: 

 

 

 

 

 

 

 

 

The logistic regression results indicate that increases in rainfall intensity and changes in 

larval density significantly influence the probability of dengue transmission. This finding is 

biologically plausible because dengue transmission depends heavily on environmental 

conditions that support the breeding and survival of Aedes mosquitoes, the primary vectors of 

the dengue virus (Costa et al., 2022; Sureshkumar & Shekhar, 2025).  

The association between rainfall intensity and dengue incidence underscores precipitation 

as a key pathway through which climate variability and climate change influence Aedes aegypti 

dynamics (Abbasi, 2025). This is also consistent with previous studies, which stated that higher 

rainfall intensity increased the likelihood of dengue occurrence (Cheng et al., 2023; Monintja 
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et al., 2022). Moderate and sustained rainfall increases the availability of stagnant water in 

natural and artificial containers such as buckets, discarded tires, roof gutters, and water storage 

containers. These environments serve as ideal oviposition sites for Aedes aegypti. As breeding 

sites increase, larval survival improves, leading to higher adult mosquito density. An increase 

in adult mosquito population enhances human-vector contact, thereby increasing dengue 

transmission and incidence (Lin & Wen, 2024). 

The role of population density highlights how rapid urbanisation amplifies climate-

related dengue risk by increasing human–vector contact (Nakase et al., 2024). High population 

density also facilitates the spread of the disease, as the interaction between humans and 

mosquitoes becomes more frequent (Kolimenakis et al., 2021). From a policy perspective, this 

finding reinforces the need for dengue prevention strategies that are integrated into urban 

planning, housing, and sanitation policies, particularly in densely populated neighbourhoods 

(Alberto Montenegro-Quiñonez et al., 2023; Hoque et al., 2025). Although the LFI was not 

consistently significant in bivariate analysis, its contribution in the multivariate model indicates 

that routine entomological surveillance remains essential, especially during periods of high 

rainfall when vector populations can expand rapidly. 

The Larva-Free Index (LFI) reflects the proportion of houses or containers free from 

mosquito larvae. A lower LFI indicates higher larval density, meaning more breeding sites are 

positive for Aedes larvae. High larval density directly contributes to increased adult mosquito 

populations, which raises the probability of virus transmission (Naura Qonita & Yusva Dwi 

Saputra, 2023). Larval density serves as a more proximal and immediate predictor of dengue 

risk compared to rainfall because it directly measures vector abundance (Dutra et al., 2024). 

While rainfall creates environmental conditions favorable for breeding, larval density reflects 

the actual entomological outcome of those conditions (Maretha et al., 2022). Therefore, areas 

with high rainfall but strong vector control measures may maintain a high LFI and consequently 

lower dengue incidence. 

The vulnerability model developed in this study offers a practical early warning tool for 

public health decision-making (Cofone et al., 2025; Umar, 2023). While the model explains a 

limited proportion of overall variance, the sharply elevated predicted risk when high rainfall 

intensity coincides with low larva-free rates has clear operational value. Health authorities can 

use these combined indicators to trigger pre-emptive vector control measures, prioritise high-

risk areas, allocate resources more efficiently, and intensify community-based interventions 

before outbreaks occur. 

In the context of climate change, these findings support a shift from reactive outbreak 

response toward anticipatory, climate-informed dengue control. Integrating meteorological 

monitoring, vector surveillance, and demographic data into routine public health systems can 

strengthen preparedness and resilience at the city level (Hertelendy et al., 2025; Lugten & 

Hariharan, 2022). Such approaches align with broader climate and health adaptation goals and 

are essential to reducing the future health and economic burden of dengue in rapidly urbanising 

tropical regions. 

This study has several limitations. First, the predictive model explains only a limited 

proportion of variance in dengue incidence, suggesting that other unmeasured environmental, 

socioeconomic, and behavioral factors may contribute to transmission dynamics. Second, the 

use of aggregated data may limit the ability to infer individual-level risk and introduce the 

possibility of ecological bias. Third, the findings are based on a specific urban tropical context, 

which may limit generalizability to other settings. Finally, the temporal scope of the data may 

not fully capture long-term climate variability associated with climate change. 

Overall, the results of this study provide an important contribution to improving the 

dengue infection vulnerability information system that can be accessed by stakeholders and the 

community, in order to reduce the impact of the disease through an integrated predictive 

approach. 
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4. CONCLUSION    

This study demonstrates that rainfall intensity and LFI are key determinants of dengue 

vulnerability in Pontianak City. The results confirm that rainfall density and LFI can serve as 

an effective tool for identifying high-risk areas and prioritizing intervention. Future 

development may focus on integrating real-time climate monitoring, digital-based surveillance, 

and spatial mapping to improve accessibility and responsiveness. Through these advancements, 

vulnerability information can be delivered more promptly and accurately, enabling 

communities and health authorities to conduct preventive measures such as source reduction, 

larviciding, and public awareness activities in a timelier and more focused manner. 
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