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Abstract: Objective: To compare the performance of prediction models incorporating multidimensional urban 
environmental factors in cross-city forecasting of viral and bacterial infectious diseases, and to explore how these 
multidimensional factors jointly shape epidemic dynamics, thereby providing a reference for optimizing urban epidemic 
forecasting strategies. Methods: Three representative cities in China were selected to characterize the correlation 
networks between multi-factor urban characteristics, including climate, air pollutants, economic activities, and control 
measures, and the incidence of viral infections (represented by hand, foot, and mouth disease and influenza) as well 
as bacterial infections (represented by pertussis and scarlatina). Using the seasonal auto-regressive integrated moving 
average (SARIMA) model as a benchmark, we systematically compared a long short-term memory (LSTM) model 
driven by these multidimensional factors with a SARIMAX model incorporating the same covariates. Through multi-
disease forecasting experiments, the models were comprehensively evaluated across multiple dimensions, including 
predictive accuracy, robustness, and peak event forecasting capability. Results: The associations between multiple urban 
factors and infectious diseases exhibited marked spatial heterogeneity, and close statistical correlations were observed 
between climate variables and air pollutants, suggesting potential interactions among environmental covariates. Overall, 
both the multi-factor-driven LSTM and SARIMAX models significantly outperformed the traditional SARIMA model, 
with each demonstrating distinct advantages in predictive accuracy and peak event forecasting. For viral infections 
characterized by high incidence and rapid spread, the LSTM model showed the best performance, achieving the highest 
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correlation between predicted and observed values, the smallest error metrics, and greater consistency across cross-
validation folds. For bacterial infections with relatively lower incidence, the SARIMAX model performed better. 
Conclusions: Multidimensional urban factors may exert synergistic effects on infectious disease transmission. Multi-
factor-driven forecasting strategies considerably outperformed traditional time-series models, and the respective 
strengths of specific models were closely associated with the epidemiological characteristics of the diseases. These 
findings may offer practical insights into methodological selection for constructing multi-category epidemic forecasting 
models adapted to heterogeneous urban environments.
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1. Introduction
Previous studies have shown that community transmission of major epidemics such as SARS and COVID‑19 
often precedes pathogen confirmation by several weeks, resulting in delays in isolation, contact tracing, and 
other control measures, and thereby underscoring the urgent need for sensitive and efficient surveillance and early‑
warning systems [1]. In recent years, prediction techniques based on multi‑source data and artificial intelligence 
have demonstrated considerable potential [2]. For instance, LSTM models are well suited to capturing temporal 
dependencies, while approaches such as XGBoost have been applied to specific risk prediction tasks; nevertheless, 
these methods face challenges related to interpretability and data quality [3–5]. Traditional statistical models, such 
as ARIMA, offer relatively good interpretability; SARIMA can account for seasonal patterns, and ARIMAX 
allows the incorporation of exogenous covariates. However, their capacity to capture complex nonlinear 
relationships is generally more limited than that of machine learning models [6–9].

Notably, climate change and air pollution may act synergistically to increase population susceptibility to 
respiratory infectious diseases, which calls for the integration of environmental health risk assessment into public 
health systems [10]. However, most existing prediction models focus on a single city or region, and frameworks 
capable of simultaneously assessing epidemic risks across multiple cities remain scarce, which constrains the 
development of coordinated regional prevention and control strategies. To address this gap, this study developed a 
cross‑city infectious disease prediction framework that integrates multi‑dimensional factors, including economic 
indicators, passenger traffic, climate conditions, air pollution, and epidemic control measures. Using the SARIMA 
model as a benchmark, we systematically compared the predictive performance of an LSTM model enhanced with 
feature engineering and multi‑dimensional city‑level factors against a SARIMAX model incorporating the same 
covariates, across four representative viral and bacterial infectious diseases, hand, foot, and mouth disease 
(HFMD), influenza, pertussis, and scarlatina. This work aims to provide public health authorities with 
technical support and evidence for the simultaneous assessment of epidemic risks across multiple regions, as 
well as for optimizing resource allocation and coordinating prevention and control efforts.

2. Materials and methods
2.1. Data sources and curation procedures
This study used a cross-city dataset covering March 2019 to October 2025 across Chongqing (CQ), Shanghai
(SH), and Hong Kong (HK). The dataset integrates indicators from multiple domains, including demography,
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economy, infectious diseases, climate, and air pollutants. Economic and mobility data were obtained from 
publicly available statistics released by the municipal statistics bureaus and transportation authorities. Air 
pollutant data were collected from https://aqicn.org, covering the concentrations of PM2.5, PM10, O3, NO2, 
SO2, and CO, which were averaged into monthly concentrations.

Climate data were retrieved from https://rp5.ru/, including temperature at 2 meters above ground (T), 
station-level atmospheric pressure (Po), relative humidity at 2 meters (U), mean wind speed at 10–12 meters (Ff), 
horizontal visibility (Vv), dew point temperature at 2 meters (Td), and precipitation (RRR). These variables were 
likewise aggregated into monthly values: precipitation was summed to obtain the monthly total (MRRR), while 
monthly means were computed for the remaining variables. To remove the influence of population size, monthly 
passenger traffic volumes and key economic indicators were normalized on a per capita basis. 

Infectious disease data were obtained from the official websites of the municipal health authorities, 
comprising monthly reported cases of four notifiable infectious diseases: HFMD, scarlatina, pertussis, and 
influenza. All cases were diagnosed according to the unified criteria issued by the National Health Commission. It 
should be noted that the notifiable disease reporting system in HK does not include confirmed cases of HFMD or 
influenza. To quantify the intensity of epidemic control measures, we constructed a containment intensity index, 
in which a value of 0 was assigned to months of normal activity; for months with large-scale lockdowns, the value 
equaled the number of lockdown days in that month; months without large-scale lockdowns but under strict public 
health requirements were assigned a value of 15; for other situations, the value was adjusted according to the 
duration of partial lockdowns and the stringency of the measures.

2.2. Spearman correlation networks linking infectious diseases and urban factors
The Spearman’s rank correlation matrix was computed between the incidence of infectious diseases and each 
environmental and socioeconomic variable. Significant associations with |ρ| ≥ 0.3 and p < 0.05 were retained 
as network edges. Nodes were classified into two categories, diseases (HFMD, influenza, scarlatina, and 
pertussis) and factors (including climate, air pollution, and socioeconomic activity variables), represented by 
blue rectangles and yellow circles, respectively. In the network, disease–factor associations are depicted as 
solid lines, whereas factor–factor correlations are shown as dashed lines. Edges are color-coded according 
to the direction of the association: red for positive and green for negative correlations, with line width 
proportional to the absolute value of the correlation coefficient ρ.

2.3. Model setup: Benchmark and candidates
To systematically evaluate the predictive utility of multi-dimensional factors for the monthly incidence of 
specific infectious diseases, we developed a comparative time series forecasting framework. The framework 
integrates data preprocessing, feature engineering, modeling, and validation, all implemented in R (version 
4.2.2), with the deep learning components built using TensorFlow (version 2.15.0) and Keras (version 2.15.0). 
To ensure strict temporal generalization and prevent data leakage, we adopted a rolling-block cross-validation 
scheme. For each city, the time series were arranged in chronological order and partitioned using a fixed 
training length (48 months), validation period (12 months), and step size (1 month). This scheme ensures 
that the training set contains only historical observations, whereas the validation set strictly corresponds to 
future data points. The model look-back windows were determined according to the sample size to maintain 
robustness along the temporal dimension.
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All factors were robustly scaled based on the median and interquartile range prior to training to mitigate 
the influence of outliers. Key time-series features were then engineered from the case count series: the 
average rate of change over a three-month window was computed as Slope_3m to capture medium-term 
trends; the maximum value within a six-month sliding window was extracted as Max_6m to identify local 
outbreaks and extreme events; and a binary indicator, Is_peak, was created to flag periods in which the 
incidence exceeded the 95th percentile of the training set.

To construct a robust and low-redundancy set of predictive inputs, we employed a two-step factor and 
engineered feature selection procedure. First, mutual information (MI) scores between each candidate factor 
or engineered feature and the target incidence were computed to rank them by their predictive relevance. A 
sequential selection algorithm was then applied, in which a factor or engineered feature was included only if 
the ρ between the factor and those already selected was below a threshold of 0.5, thereby effectively reducing 
multicollinearity.

A SARIMA model was constructed as the benchmark, with its optimal parameters automatically 
identified using the auto.arima function in the R package forecast (v8.23.0). Next, an LSTM network taking 
the selected inputs was built to capture complex nonlinear temporal dependencies. The network architecture 
consists of an optimized LSTM layer, followed by fully connected layers and an output layer with a Softsign 
activation function. To emphasize the accurate prediction of epidemic peaks, a customized peak-weighted 
loss function was employed.

Here, n denotes the batch size; ture,iy and pred,iy  represent the observed and predicted values of the i-th 
sample, respectively; and turey denotes the mean of the observed values. The indicator function  
( ),II ture i turey b y> ×  equals 1 when an observed value exceeds a dynamic threshold defined as b times the mean of 

the observed values, in which case the loss weight is amplified by a factor of (1 +a).

The hyperparameters of the LSTM model were tuned via Bayesian optimization, and a customized 
callback was used to implement a curriculum learning strategy that progressively increased the temporal 
complexity of training, thereby enhancing model generalization. Training was then performed using the 
Adam optimizer combined with gradient clipping to ensure stable convergence. Finally, the SARIMA model 
was extended to a SARIMAX model. To ensure comparability with the LSTM model, exactly the same 
inputs were incorporated, allowing the contribution of the city-level factors and engineered features to be 
evaluated directly within a traditional statistical framework.

2.4. Model evaluation
All models were trained and validated on the same data splits generated by the rolling cross-validation 
scheme. Predicted and observed values were back-transformed to the original scale, and predictive 
performance was comprehensively assessed using a set of metrics: the strength of association was measured 
by ρ; error magnitude was quantified by the root mean square error (RMSE), mean absolute error (MAE), and 
symmetric mean absolute percentage error (SMAPE); and relative accuracy was evaluated using the mean absolute 
scaled error (MASE), benchmarked against seasonal naïve forecasts. In addition, the Diebold–Mariano test was 
applied to determine whether differences in predictive accuracy between models were statistically significant, with 
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p < 0.05 considered significant. Given that public health decision-making places particular emphasis on identifying 
epidemic peaks, we further assessed model performance on this critical event: the area under the receiver operating 
characteristic curve (AUC-ROC) was used, complemented by the precision–recall curve, which is better suited to 
imbalanced data. Furthermore, using the 85th percentile of case counts as the threshold, the F1 score, harmonizing 
precision and recall, was computed as a threshold-sensitive summary metric.

3. Results
Analyses of the disease–factor correlation networks for each city revealed marked spatial heterogeneity 
in the association patterns between diseases and factors (Figure 1). Nevertheless, several associations 
were relatively consistent across cities: the containment intensity index was negatively correlated with 
the incidence of all four infectious diseases in every city, whereas the number of international visitors 
was positively correlated with disease incidence in most contexts (except for HFMD in CQ, which was 
significantly associated only with MRRR). In SH, the associations between HFMD and climatic indicators, 
including temperature and humidity, were also noticeably stronger than those observed for other diseases. 
In addition, the network analysis further revealed close statistical associations among the multi-dimensional 
factors, particularly between climatic variables and air pollutants, suggesting potential collinearity or 
synergistic effects among environmental covariates.

Figure 1. Network of correlations between infectious diseases and multidimensional factors across cities.



315 Volume 10, Issue 8

After constructing the rolling cross-validation function, completing factor standardization, and 
generating the engineered features, we screened the inputs based on MI and Spearman correlation analyses. 
The MI score rankings of all factors with respect to the four diseases are presented separately in Figure 
2. Apart from certain hyperparameters tuned via Bayesian optimization, the optimal settings of the key 
parameters, including the look-back period (Lookback = 3 months), the number of inputs, the sample weight 
configuration, and the loss function parameters, were determined through systematic repeated experiments, 
with detailed results summarized in Table 1.

Figure 2. Mutual information scores between multi-dimensional factors and the four infectious diseases.
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Table 1. LSTM model inputs and characteristics for each disease

Diseases Data Number of inputs Sample weight Parameters of Loss function

HFMD Cities: 2
Folds: 21 4 (Max_6m; Slope_3m; O3; SO2)

Is_peak = 1–6, 
Containment intensity < 10–1.2

a = 2
b = 4

Influenza Cities: 2
Folds: 21

7(Slope_3m; Max_6m; PM10

SO2; U; Is_peak; School time)
Is_peak = 1–2, 

Containment intensity < 10–1.4
a = 2
b = 5

Scarlatina Cities: 3
Folds: 21

13 (Max_6m; Slope_3m; 
NO2; SO2; Passenger volume; 

Average retails; School time; O3; 
U; MRRR; Containment intensity

Ff; Is_peak) 

Is_peak = 1–2, 
Containment intensity < 10–1.3

a = 2
b = 4

Pertussis Cities: 3
Folds: 21

9 (Max_6m; Slope_3m; Vv; 
MRRR; SO2; Average retails   
School time; Is_peak; O3)

Is_peak = 1–2
Containment intensity < 10–1.2

a = 3
b = 5

After completing the final model training, we aggregated the predictions of each model across the cross-
validation folds and visualized them using box plots overlaid with lines of the observed values, while model 
performance was further assessed using Spearman’s rank correlation analysis. In the prediction of HFMD, 
the LSTM model achieved ρ values of 0.56 and 0.92 in CQ and SH, respectively. In contrast, the SARIMA 
model showed the weakest performance in both cities, with ρ values of only 0.45 and 0.41, and a limited 
ability to capture incidence peaks. When the same inputs used by the LSTM model were incorporated as 
covariates into the SARIMAX model, its ρ values increased to 0.65 and 0.62 in CQ and SH, respectively 
(Figure 3).

Figure 3. Reported versus predicted HFMD incidence for the three forecasting models.

 



317 Volume 10, Issue 8

In influenza prediction, the LSTM model again exhibited the highest correlations, with ρ values of 0.84 
and 0.73 in CQ and SH, respectively. After incorporating the same covariates, the SARIMAX model yielded 
ρ values of 0.29 and 0.49 in CQ and SH, respectively. Similarly, the SARIMA model remained the weakest 
performer, with ρ values of −0.09 and −0.31, neither of which reached statistical significance (Figure 4).

Figure 4. Reported versus predicted influenza incidence for the three forecasting models.

In scarlatina prediction, the LSTM model achieved ρ values of 0.82, 0.84, and 0.60 in CQ, HK, and SH, 
respectively. When the same inputs were used, the SARIMAX model yielded ρ values of 0.82, 0.93, and 0.72 
in these cities, while the SARIMA model continued to rank last, with ρ values of 0.50, 0.45, and 0.34 (Figure 
5). For pertussis prediction, the LSTM model obtained ρ values of 0.71, −0.03, and 0.82 in CQ, HK, and SH, 
respectively; the SARIMAX model yielded ρ values of 0.51, 0.64, and 0.70 in the corresponding cities; and 
the SARIMA model again performed worst, with ρ values of −0.34, −0.26, and −0.06, none of which were 
statistically significant (Figure 6).

Overall, for HFMD and influenza, diseases with relatively high incidence, the correlations between 
the LSTM predictions and observed values were higher than those of the SARIMAX model, whereas for 
scarlatina, a disease with lower incidence, the SARIMAX model performed better. In pertussis prediction, 
the SARIMAX model achieved its best correlation in HK, the city with the lowest incidence. These results 
suggest that the SARIMAX model may be better suited to forecasting infectious diseases with relatively 
low incidence, whereas the LSTM model may offer stronger predictive capability for diseases capable of 
widespread transmission over short periods. In addition, at the same time points across different cross-
validation folds, the LSTM model exhibited greater reproducibility in its predictions than the SARIMAX 
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model, with the SARIMA model performing worst, particularly in pertussis prediction, reflecting the more 
robust predictive behavior of the LSTM model.

Figure 5. Reported versus predicted scarlatina incidence for the three forecasting models.

Table 2 further presents the error magnitude and relative accuracy of the three models in terms of 
RMSE, MAE, SMAPE, and MASE: the LSTM model achieved the smallest errors in the prediction of 
HFMD, influenza, and pertussis, whereas the SARIMAX model showed the smallest errors for scarlatina.

Table 2. Performance metrics for model prediction values

Metrics
HFMD models Influenza models Scarlatina models Pertussis models

LSTM SAR
IMA

SARI
MAX LSTM SAR

IMA
SARI
MAX LSTM SAR

IMA
SARI
MAX LSTM SAR

IMA
SARI
MAX

RMSE 2761 5165 2939 17670 30620 15326 69.3 111 68.3 1031 2384 1082
MAE 1477 2603 1789 8358 16351 9835 47.1 77.9 46.9 389 1310 465
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SMAPE 70.9 96.8 79.2 69.6 118.6 84.7 52.7 80.1 47.4 98 144 87.5
MASE 1.40 2.48 1.70 1.47 2.88 1.73 2.45 4.04 2.43 4.84 16.3 5.79

SD 4007 4007 4007 27063 27063 27063 97.3 97.3 97.3 1071 1071 1071

MAE, mean absolute error; MASE, mean absolute scaled error; RMSE, root mean square error; SMAPE, symmetric mean absolute 
percentage error; SD, standard deviation for disease cases.

Figure 6. Reported versus predicted pertussis incidence for the three forecasting models.

Subsequently, Diebold–Mariano tests on the forecasting results of the three models for the four diseases 
indicated that both the LSTM and SARIMAX models were significantly more accurate than the SARIMA 
model. The LSTM and SARIMAX models, however, performed comparably overall, with the LSTM model 
showing an advantage in HFMD prediction in SH and the SARIMAX model performing better in pertussis 
prediction in CQ. Regarding the prediction of peak events, ROC curve analyses revealed that the LSTM and 
SARIMAX models each excelled in different diseases: the LSTM model performed best in predicting HFMD 
and pertussis, with AUC values of 0.863 and 0.872, respectively, whereas the SARIMAX model showed 
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better performance for influenza and scarlatina, with AUC values of 0.859 and 0.930, respectively. Across all 
diseases, the SARIMA model yielded the lowest AUC values (Figure 7).

Figure 7. Diebold-Mariano tests for models and ROC curves for evaluating peak prediction performance.
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This study further adopted the precision–recall (PR) curve and the F1 score as complementary 
metrics for evaluating peak prediction accuracy in imbalanced scenarios (Table 3). Overall, the LSTM and 
SARIMAX models performed similarly in terms of both the F1 score and AUPRC: the LSTM model showed 
a slight advantage in predicting HFMD and influenza, whereas the SARIMAX model performed marginally 
better for scarlatina and pertussis, which is consistent with the findings of the aforementioned correlation 
analyses.

Table 3. Precision, recall, and F1-score evaluation of the models

Metrics
HFMD models Influenza models Scarlatina models Pertussis models

LSTM SAR
IMA

SARI
MAX LSTM SAR

IMA
SARI
MAX LSTM SAR

IMA
SARI
MAX LSTM SAR

IMA
SARI
MAX

Precision 0.50 0.00 0.36 0.77 0.00 0.55 0.53 0.00 0.89 0.56 0.13 0.55
Recall 0.33 0.00 0.44 0.67 0.00 0.73 0.63 0.00 0.50 0.71 0.14 0.76

F1-score 0.40 0.00 0.40 0.71 0.00 0.63 0.57 0.00 0.64 0.63 0.13 0.64
AUPRC 0.59 0.13 0.53 0.63 0.15 0.60 0.57 0.19 069 0.73 0.23 0.77

AUPRC, area under the precision-recall curve.

4. Discussion 
In recent years, the epidemiological characteristics of infectious diseases have become increasingly complex, 
as reflected in the dynamic evolution of pathogen spectra and the nonlinear effects of environmental factors, 
such as climate and air pollution, on disease risk [11,12]. Influenza surveillance data have revealed continuous 
antigenic variation in the virus, with different strains alternately dominating summer and winter epidemics 
[13]. Meanwhile, non-pharmaceutical interventions have substantially altered disease transmission patterns, 
and ongoing urbanization may also attenuate the effectiveness of traditional measures such as school 
closures; together, these factors have added to the complexity of infectious disease forecasting [14,15]. Using 
Spearman correlation networks between infectious diseases and multi-dimensional factors across cities, we 
identified marked spatial heterogeneity in the association patterns between diseases and factors, as well as 
potential collinearity or synergistic effects among environmental covariates. These findings suggest that 
effective disease control still requires interventions tailored to local circumstances, with full consideration 
of differences in climate, air pollutants, socioeconomic conditions, and public health policies, rather than a 
“one-size-fits-all” strategy [16].

The cross-city LSTM and SARIMAX models built on multi-dimensional factors performed well overall 
in predicting the four infectious diseases studied, HFMD, influenza, scarlatina, and pertussis, with ρ and 
RMSE comparable to or better than those reported in previous studies[17,18]. In contrast, the SARIMA model 
yielded unsatisfactory predictions for three of the four diseases, which may be attributable to the pronounced 
heterogeneity in epidemiological contexts across cities, as well as the substantial disruption of natural disease 
transmission patterns by containment policies during 2020–2022 [19].

Furthermore, by encompassing diseases caused by different types of pathogens, both viral and bacterial, 
this study has enhanced our understanding of the respective application scenarios of deep learning models 
and traditional time series models. The marked differences in the performance of the LSTM and SARIMAX 
models across diseases indicate that urban heterogeneity in epidemiological data constrains the general 
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applicability of forecasting models. Specifically, the LSTM model performed slightly less well than the 
SARIMAX model in predicting scarlatina and pertussis, but outperformed the latter for HFMD and influenza, 
which have higher incidence. This contrast highlights the potential advantage of LSTM models in forecasting 
diseases with high epidemic intensity, such as “Disease X” [20]. Nevertheless, the LSTM model employed 
a fixed look-back window of three historical time steps. Although this design takes into account the delays 
commonly encountered in actual epidemic reporting and enhances the feasibility of deployment during 
evolving epidemics, it remains more dependent on training sample size than SARIMAX, which requires no 
look-back window. This suggests that in the early stages of emerging infectious disease outbreaks, when only 
limited data are available, SARIMAX may adapt more rapidly.

This study has several limitations. (1) Data availability and methodological discrepancies: the number of 
cities for which multi-dimensional public data can currently be obtained for model training is quite limited, 
which may affect generalizability. Data on vaccine effectiveness and coverage are often difficult to obtain, 
underscoring the need for cross-sector data sharing. In addition, methodological differences in statistical 
practices across cities and the approach used to estimate containment intensity may introduce systematic bias 
when integrating data across regions. (2) Benchmarking gaps: due to computational constraints, this study 
did not include comparative evaluations against zero-shot forecasting foundation models such as TimeGPT, 
which have demonstrated strong generalization capabilities in forecasting biomedical or infectious disease 
time series driven by exogenous variables. (3) Region-specific threshold effects: the threshold effects of air 
pollution and climatic variables may vary across regions, potentially weakening model generalizability [21]. 
(4) Geographic equity: although intelligent technologies and data-driven tools hold considerable promise for 
infectious disease surveillance and sustainable urban development, their benefits and risk burdens are often 
unevenly distributed. Without equity-focused design and implementation, such innovations may exacerbate 
existing socioeconomic disparities rather than foster universal resilience [22].

Based on the above discussion, future research could proceed in the following directions: (1) exploring 
hybrid architectures that combine SARIMAX and LSTM to complementarily offset their respective 
limitations; (2) applying transfer learning to improve model performance in data-scarce settings, given that 
LSTM models typically require substantial training data [23]; (3) introducing causal inference frameworks, 
such as structural equation modeling, in combination with LSTM-based factor attribution methods, to 
build forecasting frameworks that are interpretable and translatable into interventions [24]; (4) incorporating 
attention mechanisms to further improve both predictive accuracy and model transparency [25]; and (5) 
developing interval forecasting. This study focused on point forecasts, but quantifying uncertainty is essential 
for public health decision-making, and interval forecasts could provide more reliable support for this purpose 
[26]. Nevertheless, the complexity of artificial intelligence models dictates their sample size requirements; 
collecting longer time-series data from more cities remains fundamental to improving predictive accuracy 
and generalizability.

5. Conclusion
In summary, the multi-dimensional forecasting models generally outperformed traditional time series models, 
and the strengths of different models were associated with disease type. Therefore, flexibly selecting models 
according to disease characteristics and epidemic phases may constitute a more effective strategy. The multi-
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city, multi-disease forecasting framework developed in this study improves model generalizability and can 
provide technical support for public health authorities in simultaneously assessing epidemic risks across 
multiple regions and guiding coordinated regional prevention and control.
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