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Abstract: Background: Dengue fever remains a critical public health challenge in 
Southern China, with outbreaks heavily driven by climatic conditions. To facilitate 
climate-informed early warning, this study aimed to develop and validate a Dengue 
Meteorological Risk Index (DMRI). Methods: Dengue surveillance records and 
ERA5-Land meteorological reanalysis data were collected from the six cities with 
the highest cumulative dengue incidence in Guangdong Province, Southern China. 
Using the training dataset (2016–2019), Generalized Additive Mixed Models 
(GAMMs) were employed to quantify the non-linear exposure-response 
relationships between dengue incidence and key meteorological drivers, including 
temperature, relative humidity, and temporal dynamics. Subsequently, a Random 
Forest model was utilized to estimate the relative importance of each variable. The 
DMRI was then formulated by integrating these relationships and weighted 
components, stratified into early warning tiers, and externally validated using the 
2015 dataset. Results: GAMM analyses revealed an inverted U-shaped association 
between temperature and dengue risk, while relative humidity exhibited a positive 
association. Random Forest modeling identified temperature and relative humidity 
as the primary drivers, slightly outweighing the temporal factor. The formulated 
DMRI demonstrated a significant positive linear correlation with actual disease 
risk. External validation confirmed robust discriminative capacity across risk tiers, 
with weekly case counts in high-risk tiers being significantly elevated compared to 
low-risk tiers. Conclusions: Based on ecological associations, the developed DMRI 
serves as an accessible tool that translates complex meteorological and temporal 
drivers into actionable risk tiers within the study area. Rather than a standalone 
forecasting tool, it serves as a supplementary indicator that may support health 
authorities in early warning and inform public prevention efforts. 

 Keywords: dengue fever; temperature; relative humidity; risk index; early warning 

1. Introduction 

Dengue fever is an acute mosquito-borne infectious disease caused by the dengue virus (DENV) and 
transmitted primarily through the bites of Aedes mosquitoes, notably Aedes aegypti and Aedes albopictus [1]. 
Widely recognized as the fastest-spreading mosquito-borne viral disease, dengue yields an estimated global 
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incidence of 390 million infections annually [2]. Driven by global warming, rapid urbanization, and increased 
international mobility, the geographic footprint of dengue is continuously expanding, posing a formidable public 
health challenge worldwide [3,4]. In China, the burden of dengue has escalated significantly over the past two 
decades, with Southern China bearing the brunt of the epidemics. Situated in the subtropical monsoon climate 
zone, Guangdong Province features a warm and humid climate alongside abundant mosquito populations and 
extended vector activity periods [5,6]. Furthermore, as China’s most populous province and a major hub for 
international trade and travel bordering Southeast Asia, Guangdong presents a complex socio-ecological 
environment highly susceptible to dengue transmission [6]. 

Meteorological conditions are considered one of the primary drivers of the spatiotemporal dynamics of 
dengue transmission. For example, variables such as temperature, relative humidity, and precipitation can 
influence the growth and development, reproductive capacity, survival, and blood-feeding behavior of Aedes 
mosquitoes, thereby affecting the efficiency of dengue virus transmission [7–9]. In addition, previous studies have 
shown that suitable temperature and humidity conditions may accelerate dengue virus replication within Aedes 
mosquitoes, shorten the extrinsic incubation period, and thereby enhance viral transmissibility [10,11]. This 
suggests that dengue transmission risk differs markedly under varying meteorological conditions. Therefore, 
developing dengue risk early warning tools based on meteorological factors is of great importance for the precise 
prevention and control of outbreaks. 

Despite this well-recognized potential, translating meteorological drivers into routine public health practice 
remains hindered by several methodological and practical bottlenecks. On one hand, while advanced 
epidemiological frameworks, such as Distributed Lag Non-linear Model (DLNM) [12], are powerful in capturing 
complex exposure-response associations, their mathematical complexity often limits their translation into routine 
public health practice. On the other hand, although comprehensive risk assessment systems for dengue do exist, 
they typically demand multi-dimensional data inputs, including socioeconomic indicators, human mobility, and 
real-time vector surveillance [13]. This extensive data dependency significantly delays rapid assessment and is 
detrimental to timely risk communication during critical pre-outbreak windows. As a result, meteorological factors 
are rarely synthesized into actionable, rapid risk communication metrics for dengue, despite successful preliminary 
applications in non-communicable diseases, such as the community-based weather-health risk index developed by 
Li et al. [14]. Therefore, there is an urgent need to develop an operational early warning tool that balances 
epidemiological rigor with practical simplicity. 

To bridge this research gap, this study aims to construct and validate a novel Dengue Meteorological Risk 
Index (DMRI) tailored for southern China. Drawing on comprehensive epidemiological and meteorological data 
from six key cities in Guangdong Province (2015–2019), we synergized Generalized Additive Mixed Models 
(GAMMs) and Random Forest algorithms to develop a heuristic and operational Dengue Meteorological Risk 
Index based on temperature, humidity, and seasonality. This index intuitively reflects the risk of dengue occurrence 
under varying weather conditions, thereby providing a robust scientific basis for risk communication, early 
warning systems, resource allocation, and the formulation of evidence-based prevention and control strategies. 

2. Materials and Methods 

2.1. Data Sources 

Dengue case data were obtained from the Notifiable Infectious Diseases Surveillance System of the Guangdong 
Provincial Center for Disease Control and Prevention. The dataset comprised weekly counts of both local and 
imported dengue cases across 21 prefectural-level cities from 2015 to 2019, aggregated by the date of illness onset. 
To ensure adequate statistical power and epidemiological representativeness for subsequent modeling, this study 
purposively selected the top six cities with the highest cumulative case counts: Guangzhou, Chaozhou, Foshan, 
Shantou, Zhanjiang, and Shenzhen. These six cities accounted for 77.23% of the total reported cases in the province 
during the study period (Table S1). The spatial distribution of dengue cases was illustrated in Figure S1. Data from 
2016 to 2019 were utilized as the training set for model construction, while the 2015 data were reserved as an 
independent dataset for external validation. 

Based on existing epidemiological evidence and biological plausibility, this study focused on crucial 
meteorological determinants driving dengue transmission, specifically ambient temperature and relative humidity [8,15]. 
Hourly meteorological data with a spatial resolution of 0.1° × 0.1° (approximately 10 km × 10 km) were obtained 
from the ERA5-Land reanalysis dataset, provided by the European Centre for Medium-Range Weather Forecasts 
(ECMWF) [16]. Using Geographic Information System (GIS) techniques, grid-level data corresponding to the 
administrative boundaries of the selected cities were extracted to calculate weekly regional averages as 
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meteorological exposure metrics. Relative humidity was mathematically derived from ambient temperature and dew 
point temperature using the Magnus formula [17]. 

2.2. Estimation of the Exposure-Response Associations of Weather Variables and Seasonality with Dengue Incidence 

Prior to model construction, multicollinearity between the meteorological predictors (temperature and relative 
humidity) was assessed using Pearson correlation analysis and Variance Inflation Factors (VIF). Variables were 
confirmed to be free of severe multicollinearity (r < 0.7 and VIF < 3, Tables S2 and S3). Given the non-linear 
associations between meteorological factors and infectious disease dynamics, we applied Generalized Additive 
Mixed Models (GAMMs) to estimate the exposure-response relationships between weather variables and dengue 
incidence. GAMMs uniquely combine the flexibility of Generalized Additive Models (GAMs) in fitting non-linear 
smoothed relationships with the capability of mixed models in handling random effects arising from hierarchical data 
structures, thereby effectively adjusting for spatial heterogeneity across cities [18]. Weekly dengue case counts were 
modeled as the response variable, assuming a quasi-Poisson distribution to account for overdispersion. Weekly scale 
mitigates the noise and reporting delays (e.g., weekend effects) often present in daily data, while remaining 
sufficiently fine-grained to capture intra-annual seasonal dynamics. The core model was formulated as follows: 

log [𝐸𝐸(𝑌𝑌𝑖𝑖,𝑡𝑡)] = 𝛼𝛼 + 𝑠𝑠(𝑇𝑇𝑚𝑚𝑖𝑖,𝑡𝑡 ,𝑑𝑑𝑑𝑑) + 𝑠𝑠(𝑅𝑅ℎ𝑖𝑖,𝑡𝑡 ,𝑑𝑑𝑑𝑑) + 𝑠𝑠(𝑡𝑡𝑡𝑡𝑡𝑡𝑒𝑒𝑡𝑡 ,𝑑𝑑𝑑𝑑) + 𝑌𝑌𝑌𝑌𝑌𝑌𝑟𝑟𝑡𝑡 + 𝜇𝜇𝑖𝑖 (1) 

where 𝐸𝐸(𝑌𝑌𝑖𝑖,𝑡𝑡) represents the expected number of dengue cases in city 𝑖𝑖 during week 𝑡𝑡; 𝛼𝛼 is the intercept; 𝑇𝑇𝑚𝑚𝑖𝑖,𝑡𝑡 
and 𝑅𝑅ℎ𝑖𝑖,𝑡𝑡 denote the mean temperature and relative humidity, respectively. To account for the delayed biological 
effects of weather on mosquito life cycles and viral replication, including mosquito development (1–2 weeks), 
viral extrinsic incubation in mosquitoes (8–12 days), intrinsic incubation in humans (4–10 days), and the sustained 
transmission during a mosquito’s infectious lifespan, we utilized a 0–6 weeks moving average (Lag 0–6) as the 
exposure indicator, consistent with previous study [19]. 𝑡𝑡𝑡𝑡𝑡𝑡𝑒𝑒𝑡𝑡 represents the week of the year to control for intra-
annual seasonality, while the categorical variable 𝑌𝑌𝑌𝑌𝑌𝑌𝑟𝑟𝑡𝑡 controls for long-term inter-annual trends. 𝜇𝜇𝑖𝑖 denotes 
the city-level random effect. The function 𝑠𝑠() indicates a penalized smoothing spline, and 𝑑𝑑𝑑𝑑 represents the 
degrees of freedom. Model fit criteria and optimal specifications were evaluated by minimizing the Akaike 
Information Criterion (AIC). Based on the minimum AIC, the 𝑑𝑑𝑑𝑑 for temperature and relative humidity were both 
set to 3, and for the 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 variable, it was set to 7 per year. Model diagnostics were performed to inspect residual 
distributions and ensure sufficient basis dimensions for the smoothing splines, thereby preventing over-fitting or 
under-fitting. To facilitate the precise construction of the DMRI, we extracted the exposure-response relationships 
of temperature, relative humidity, and the week of the year with dengue incidence risk. 

2.3. Feature Weight Determination Based on Random Forest Algorithms 

To quantitatively evaluate the relative contribution of each meteorological and seasonality predictor to 
dengue risk, a Random Forest regression model was constructed. Weekly dengue incidence served as the 
dependent variable, while the Lag 0–6 moving averages of temperature and relative humidity, along with the week 
of the year, were incorporated as independent variables. The “Increase in Node Purity” (IncNodePurity) was 
employed as the metric for feature importance. This metric measures the reduction in the residual sum of squares 
(RSS) when a specific variable is used as a splitting node; a higher IncNodePurity value signifies a greater 
contribution to model performance [20]. Ultimately, the relative weight of each variable was determined by 
calculating the proportion of its IncNodePurity relative to the sum of all variables. We utilized RF variable 
importance not as strict causal estimates, but as a pragmatic, heuristic weighting scheme to construct the data-
driven DMRI. 

2.4. Construction of the Dengue Meteorological Risk Index (DMRI) 

Based on the exposure-response curves derived from the GAMMs, relative risk values corresponding to specific 
values of Lag 0–6 temperature, relative humidity, and the week of the year were extracted. These risk values were 
then integrated with their respective Random Forest-derived weights to calculate a cumulative risk score: 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘𝑡𝑡 = 𝑡𝑡𝑡𝑡. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡 × 𝑡𝑡𝑡𝑡.𝑤𝑤 + 𝑟𝑟ℎ. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡 × 𝑟𝑟ℎ.𝑤𝑤 + 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡 × 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤.𝑤𝑤 (2) 

where 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘𝑡𝑡 is the cumulative risk value at week 𝑡𝑡; 𝑡𝑡𝑡𝑡. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡, 𝑟𝑟ℎ. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡, and 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤. 𝑟𝑟𝑟𝑟𝑟𝑟𝑘𝑘𝑡𝑡 are the risk values 
derived from the GAMM curves for temperature, relative humidity, and seasonality at week 𝑡𝑡, respectively. The 
terms 𝑡𝑡𝑡𝑡.𝑤𝑤, 𝑟𝑟ℎ.𝑤𝑤, and 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤.𝑤𝑤 represent their corresponding weights generated by the Random Forest model. 
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To facilitate intuitive public health application and risk communication, the cumulative risk scores were 
standardized into a 0–100 scale using the min-max normalization method, forming the final Dengue 
Meteorological Risk Index (DMRI): 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 =
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − min (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)

max (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) − min (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
× 100 (3) 

2.5. Validation and Risk Stratification of the DMRI 

To validate the capability of the DMRI in characterizing dengue risk, we fitted an additional GAMM against 
weekly dengue case counts to quantify the exposure-response relationship. The model was formulated as follows: 

log [𝐸𝐸(𝑌𝑌𝑖𝑖,𝑡𝑡)] = 𝛼𝛼 + 𝑠𝑠(𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖,𝑡𝑡 ,𝑑𝑑𝑑𝑑) + 𝑌𝑌𝑌𝑌𝑌𝑌𝑟𝑟𝑡𝑡 + 𝜇𝜇𝑖𝑖 (4) 

where 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖,𝑡𝑡  denotes the DMRI in city 𝑖𝑖  during week 𝑡𝑡, and other notations are consistent with those in 
Equation (1). 

Subsequently, to operationalize the DMRI for practical epidemic risk assessment, we categorized the 
continuous index into four distinct tiers based on its frequency distribution, utilizing the mean-standard deviation 
(M − SD) thresholding method [21,22]. These comprised Low (<M − 0.5 SD), Moderate (M − 0.5 SD to M + 0.5 
SD), Moderately High (M + 0.5 SD to M + 1.0 SD), and High (>M + 1.0 SD) risk categories. Finally, the practical 
validity of this stratification scheme was evaluated by comparing the average case burden and the frequency of at-
risk weeks within each stratum across both the training set (2016–2019) and the independent validation set (2015). 

2.6. Sensitivity Analysis 

To test the robustness of our main findings, several sensitivity analyses were conducted: (1) modifying the 
degrees of freedom (𝑑𝑑𝑑𝑑) for meteorological variables in the baseline GAMM from 3 to 6; (2) adjusting the 𝑑𝑑𝑑𝑑 for 
the time variable from 5 to 7; (3) varying the 𝑑𝑑𝑑𝑑 for the DMRI in the final association GAMM from 3 to 6; (4) 
altering the moving average lag periods for temperature and relative humidity to Lag 0–5, Lag 0–6, and Lag 0–7 
weeks; and (5) comparing the marginal and conditional R-squared (𝑅𝑅𝑚𝑚2 , 𝑅𝑅𝑐𝑐2) of the RF-weighted DMRI against 
an alternative equal-weight DMRI to evaluate the robustness of this data-driven scheme. 

All statistical analyses and visualizations were performed using R software (version 4.1.1). The mgcv and 
randomForest packages were employed to fit the models and extract feature weights, respectively. A two-sided p 
< 0.05 was considered statistically significant. 

3. Results 

3.1. Descriptive Statistics of Dengue Cases and Meteorological Factors in Six Guangdong Cities (2015–2019) 

Over the five-year study period (2015–2019), the mean weekly number of dengue cases across the six 
selected cities was 7 ± 23. The weekly average ambient temperature and relative humidity were 22.44 ± 5.13 °C 
and 78.95 ± 8.68%, respectively. Detailed descriptive statistics are summarized in Table 1. The weekly time-series 
trends over the 2015–2019 period are depicted in Figure S2. 

Table 1. Descriptive statistics of weekly dengue cases and meteorological factors across six cities in Guangdong 
Province during 2015–2019. 

Variable Mean SD * Min * P25 * Median P75 * Max * 
Dengue cases 7 23 0 0 0 2 462 

Temperature (°C) 22.44 5.13 6.45 18.07 23.53 26.99 31.12 
Relative humidity (%) 78.95 8.68 32.26 74.44 80.96 85.09 95.15 

* SD, standard deviation; Min, minimum; P25, 25th percentile; P75, 75th percentile; Max, maximum. 

3.2. Exposure-Response Relationships of Meteorological Factors and The Week of The Year with Dengue 
Incidence Risk 

Based on the 2016–2019 training dataset, Figure 1 illustrates the exposure-response curves of the week of 
the year, 6-week moving average (Lag 0–6) temperature, and relative humidity on dengue incidence risk across 
the six cities. The association between temperature and this risk exhibited an inverted U-shaped pattern, with the 
relative risk peaking at exactly 20.2 °C. Furthermore, relative humidity demonstrated an overall positive 
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correlation with the incidence risk. Similarly, the relationship between the week of the year and dengue incidence 
risk also followed an inverted U-shaped curve, reaching its maximum risk period between weeks 38 and 40. 

 

Figure 1. Exposure-response curves of week of the year, 6-week moving average temperature, and relative humidity 
with dengue incidence risk across six cities in Guangdong Province during 2016–2019. 

3.3. Feature Weights Derived from the Random Forest Model 

Utilizing the Random Forest model, the Increase in Node Purity metrics for the week of the year, 6-week 
moving average temperature, and relative humidity on dengue cases were evaluated at 111,276.1, 147,885.7, and 
141,406.9, respectively, yielding relative weights of 0.28, 0.37 and 0.35 (Figure 2). 

 

Figure 2. The Increase in Node Purity (IncNodePurity) and corresponding relative weights of the week of the year, 
Lag 0–6 temperature, and relative humidity regarding dengue incidence across six cities. 

3.4. Characteristics of the Dengue Meteorological Risk Index (DMRI) 

The weekly DMRI was calculated for the six cities in Guangdong Province. During the 2015–2019 period, 
the mean weekly DMRI across these cities was 51.49 ± 26.78, with a median of 48.75 (interquartile range [IQR]: 
30.68–76.88). This overall distribution is illustrated in Figure 3, and the corresponding time-series trends of the 
mean weekly DMRI are presented in Figure S3. The mean weekly DMRI values for 2015 and the 2016–2019 
period were 50.37 ± 26.82 and 51.78 ± 26.77, respectively, with detailed distributions provided in Table S4 and 
Figure S4. 
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Figure 3. Distribution of the Dengue Meteorological Risk Index (DMRI) across six cities during 2015–2019. (Vertical 
dashed lines indicate the 25th, 50th, and 75th percentiles). 

3.5. Validation and Risk Stratification of the DMRI 

We further applied a GAMM to the 2016–2019 dataset to quantify the association between the DMRI and 
dengue cases. The findings demonstrated a linear positive relationship, with dengue incidence risk rising 
proportionally as the index increased (Figure 4). On average, a 1-unit increment in the DMRI contributed to an 
8.82% (95% CI: 6.33%, 11.37%) increase in dengue incidence risk. 

According to the mean and standard deviation (Table S5), dengue risk was categorized into four tiers: low, 
moderate, moderately high, and high. Internal validation using the 2016–2019 data showed that out of the total 
weeks, 354, 418, 175, and 301 weeks fell into the low, moderate, moderately high, and high-risk categories, 
yielding mean case counts of 0.27, 1.19, 5.86, and 23.30, respectively. External validation with the 2015 data 
confirmed this trend, with 94, 114, 44, and 66 weeks distributed across the four respective levels, recording mean 
case counts of 0.20, 0.34, 1.30, and 22.48 (Table 2). 

 

Figure 4. Exposure-response curves of DMRI with dengue incidence risk across six cities in Guangdong Province 
during 2016–2019. 

Table 2. Dengue risk stratification and corresponding case counts across six cities in Guangdong Province during 
the training (2016–2019) and validation (2015) periods. 

Periods Low Risk Moderate Risk Moderately High Risk High Risk 
Training period 0.27 (94/354) 1.19 (498/418) 5.86 (1026/175) 23.30 (7013/301) 

2016 0.23 (21/91) 0.36 (38/105) 1.42 (64/45) 5.21 (370/71) 
2017 0.18 (17/96) 0.46 (42/92) 3.37 (155/46) 15.05 (1174/78) 
2018 0.13 (11/85) 1.11 (127/114) 5.80 (232/40) 28.64 (2091/73) 
2019 0.55 (45/82) 2.72 (291/107) 13.07 (575/44) 42.76 (3378/79) 

Validation period 0.20 (19/94) 0.34 (39/114) 1.30 (57/44) 22.48 (1484/66) 
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3.6. Sensitivity Analysis 

The sensitivity analyses showed that our findings were robust when modifying the degrees of freedom (𝑑𝑑𝑑𝑑) 
for meteorological variables in the baseline GAMM, adjusting the 𝑑𝑑𝑑𝑑 for the time variable, varying the 𝑑𝑑𝑑𝑑 for 
the DMRI in the final association GAMM and altering the moving average lag periods for temperature and relative 
humidity (Figure S5–S8). Furthermore, the comparison of alternative weighting schemes confirmed the advantage 
of our data-driven approach: the GAMM incorporating the RF-weighted DMRI exhibited stronger explanatory 
power (𝑅𝑅𝑚𝑚2 = 0.17,𝑅𝑅𝑐𝑐2 = 0.38) than the model using an equal-weight DMRI (𝑅𝑅𝑚𝑚2 = 0.13,𝑅𝑅𝑐𝑐2 = 0.31) (Table S6). 

4. Discussion 

Based on surveillance data and high-resolution meteorological reanalysis datasets from high-incidence cities 
in Guangdong Province, this study developed a Dengue Meteorological Risk Index (DMRI) by integrating 
Generalized Additive Mixed Models (GAMMs) with the Random Forest algorithm. This index enables the 
quantification of comprehensive dengue risk under complex meteorological conditions. Our findings demonstrate 
that the DMRI can robustly identify high-risk window periods for dengue transmission, exhibiting excellent 
discriminatory capacity in both internal and external validations, thereby providing a solid scientific foundation 
for dengue prevention and control. 

In this study, we confirmed an inverted U-shaped relationship between ambient temperature and dengue 
incidence risk. This finding aligns with a well-established body of literature demonstrating that dengue 
transmission peaks within an optimal temperature range and attenuates under extreme thermal conditions [9,23,24]. 
For instance, Mailepessov et al. [24] conducted a time-series analysis in Singapore and reported that dengue risk 
peaked at 28–29 °C, declining at temperatures above or below this threshold. This phenomenon possesses strong 
biological plausibility. Optimal temperatures enhance transmission efficiency by accelerating mosquito 
development, increasing biting frequency, and shortening the viral Extrinsic Incubation Period (EIP) [25,26]. 
Conversely, excessive heat suppresses risk by increasing vector mortality and depleting breeding habitats via 
evaporation [27]. Rather than presenting this established ecological relationship as a primary novel discovery, our 
study views it as a crucial, context-specific validation step. Notably, the peak dengue risk in our study was observed 
at approximately 20.2 °C, which is lower than the biological optimum reported in laboratory settings. This 
discrepancy may be partially attributable to vector ecology, human behavior, and epidemiological dynamics. First, 
from an ecological standpoint, the dominant vector in our study region is Aedes albopictus, which exhibits greater 
cold tolerance and a slightly lower thermal optimum for survival and transmission compared to the strictly tropical 
Aedes aegypti [28]. Second, human behavioral patterns significantly modulate exposure risk. Extreme summer 
heat (>30 °C) frequently drives local populations indoors into air-conditioned environments, inadvertently 
reducing human-vector contact. Conversely, milder temperatures around 20–25 °C encourage outdoor recreational 
activities [29], thereby amplifying exposure to exophagic (outdoor-biting) mosquitoes. Furthermore, the lag 
structure contributes to this shift. Local dengue outbreaks typically peak in autumn when temperatures decline. 
Our 0–6 week moving average captures cases generated during earlier, warmer periods, statistically aligning the 
highest incidence risk with these cooler autumn temperatures. Finally, while the ERA5-Land dataset provides 
gridded estimates, these city-averaged temperatures may underestimate the actual, warmer conditions of sheltered 
urban microclimates where mosquitoes breed. 

We observed a generally positive correlation between relative humidity and dengue risk, consistent with 
previous findings [30–32]. For instance, Xu et al. [33] demonstrated that elevated relative humidity may serve as 
a crucial driver of secondary seasonal dengue peaks in the Philippines. The underlying mechanisms through which 
humidity influences dengue transmission are hypothesized to operate via several pathways. High-humidity 
environments effectively prevent adult mosquitoes from desiccation, thereby reducing mortality and extending 
vector lifespan [34]. Additionally, Aedes mosquitoes exhibit peak blood-feeding and oviposition activity at relative 
humidity levels of 70–80%, which is notably the standard humidity range employed in most laboratory-based 
mosquito experiments [35]. Humidity also frequently serves as a proxy indicator for precipitation. High humidity 
is often accompanied by rainfall, which expands water-filled microhabitats such as tree holes, discarded containers, 
and tires, thereby providing abundant breeding sites for larvae [36]. Supporting this notion, Polwiang [37] analyzed 
dengue surveillance data from Bangkok, Thailand (2003–2017) and reported that each 1% increase in rainfall 
corresponded to a 3.3% rise in dengue incidence. 

In constructing the DMRI, we incorporated the exposure-response relationship between the week of the year 
and dengue incidence risk. This inclusion was motivated by the pronounced long-term seasonality of dengue 
epidemics, a pattern not fully explained by temperature and humidity alone. As a comprehensive temporal metric, 
the week of the year captures unmeasured socio-ecological periodicities, including seasonal population mobility 
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(e.g., summer vacations and school reopening), shifts in outdoor behavioral patterns, and the cyclical 
implementation of vector control measures [38–41]. The Random Forest model in present study assigned a weight 
of 0.28 to the week of the year, highlighting its importance as a key indicator of dengue risk. Our analysis revealed 
an inverted U-shaped association between the week of the year and dengue incidence risk, with risk peaking 
between weeks 38 and 40 (late September to early October). This pattern closely aligns with the epidemiological 
characteristics of Guangdong Province [6]. Incorporating the week of the year into the DMRI thus serves as a form 
of baseline calibration that reflects local transmission dynamics. By leveraging temporal inertia to constrain the 
explanatory contribution of meteorological variables, this approach effectively minimizes spurious high-risk alerts 
during non-epidemic periods (e.g., a sudden temperature surge in warm winter weeks), thereby enhancing both the 
robustness and specificity of the DMRI in real-world applications. 

Compared to existing dengue risk assessment frameworks [13,42,43], the proposed DMRI offers distinct 
practical advancements, particularly in bridging the gap between meteorological data and actionable public health 
decisions. While many existing early-warning systems rely on parameterized statistical approach (e.g., DLNM) or 
multi-dimensional datasets (e.g., real-time mobility and socio-economic variables) that require specialized 
analytical skills, the DMRI synthesizes multifaceted meteorological risks into a single, intuitive metric. 
Conceptually similar to the Air Quality Health Index (AQHI) [44], this streamlined design significantly improves 
interpretability and facilitates timely risk communication among meteorologists, policymakers, and the public. In 
practice, local health departments (e.g., Centers for Disease Control and Prevention, CDCs) can seamlessly 
operationalize the DMRI into routine surveillance systems without specialized statistical software or advanced 
analytical expertise. The calculation requires only two universally accessible inputs, namely weekly mean 
temperature and relative humidity, both obtainable from standard meteorological stations or publicly available 
reanalysis datasets. Following the pre-established exposure-response curves and weighting coefficients provided 
in this study, the weekly DMRI can be computed using basic spreadsheet software, enabling rapid, low-cost 
integration into existing public health workflows. Furthermore, by coupling the DMRI calculation with short-term 
weather forecasts (1- to 2-week-ahead), public health agencies can achieve genuine proactive early warning 
capabilities without the data-gathering delays inherent in complex models. 

The ultimate objective of developing a risk index is to guide practical public health interventions. In this 
study, the DMRI was standardized to a 0–100 scale and stratified into four tiers based on statistical distributions. 
When the index exceeds these predefined thresholds, it can guide adaptive resource allocation for local health 
authorities alongside public prevention guidelines: (1) Low-risk period: While external risk remains generally low, 
health departments should maintain baseline vector surveillance. The public is encouraged to maintain routine 
environmental sanitation and regularly clear stagnant water. (2) Moderate-risk period: As transmission risk may 
begin to rise, interventions should shift toward preventing local transmission from imported cases. Health agencies 
could initiate public awareness campaigns, while individuals should ensure window screen integrity and use 
repellents in vector-dense areas. (3) Moderately high-risk period: Elevated outdoor adult mosquito density may 
pose a substantial biting risk. Health authorities should intensify active vector monitoring and pre-allocate hospital 
screening resources. The public is advised to minimize prolonged stays in shaded areas during peak Aedes activity 
hours (dawn and dusk) and seek immediate medical screening for dengue-like symptoms. (4) High-risk period: As 
this level suggests an elevated risk of community transmission, intensified intervention strategies become essential. 
Public health departments must deploy targeted adulticide fogging, conduct active epidemiological tracing, and 
mobilize community-based source reduction. Simultaneously, confirmed cases must strictly adhere to isolation 
protocols to prevent secondary local transmission. 

Despite the robust performance of the DMRI, several limitations should be acknowledged. First, the index is 
primarily driven by mean temperature and relative humidity. Other meteorological elements (e.g., rainfall, wind 
speed), environmental factors (e.g., air pollution), and complex socio-ecological dynamics (e.g., imported cases, 
population mobility, and reactive vector control) [45–47] were omitted. Although we mitigated unmeasured 
temporal confounding and spatial heterogeneity via our modeling framework, dynamic socio-demographic 
indicators were not explicitly parameterized. Second, we adopted an additive framework using Random Forest 
(RF) variable importance for weighting. While practical, this approach presents methodological limitations. RF 
importance metrics can be sensitive to collinearity between predictors like temperature and humidity, meaning the 
weights serve as an empirical approximation rather than strict causal estimates. Furthermore, the additive design 
does not explicitly capture synergistic interaction effects (e.g., temperature and humidity, air pollution and 
meteorology) [48], potentially leading to an incomplete representation of extreme joint meteorological effects. 
Third, data constraints restricted the complexity of our lag structure modeling. Applying parameter-intensive 
frameworks like DLNM to our limited weekly aggregated data risks severe overfitting. Consequently, we utilized 
a simple moving average (Lag 0–6) to maintain model stability. While this straightforward approach aligns with 
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our goal of developing an easily calculable index, it might slightly attenuate specific delayed peak effects compared 
to more complex multi-dimensional lag surfaces. Finally, our reliance on macro-level, weekly aggregated data 
precludes the analysis of daily meteorological extremes. Future iterations should integrate high-resolution, multi-
source data and direct entomological evidence to further refine this unified early warning index. 

In conclusion, this study developed the Dengue Meteorological Risk Index (DMRI) by quantifying the 
ecological associations between meteorological drivers, temporal patterns (week of the year), and dengue risk in 
Guangdong Province. As an accessible and intuitive tool, the DMRI has the potential to act as a supplementary 
indicator to support local health authorities in early warning and inform public prevention guidelines. However, 
given its basis in ecological associations, the index should not be viewed as a standalone forecasting tool. While 
this analytical framework may offer a methodological reference for other endemic regions, its application to 
different geographical settings would necessitate context-specific validation. 
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