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Abstract 

Stroke, a leading cause of global disability and mortality, exhibits significant spatiotemporal 
associations with environmental pollutants. Predicting daily stroke admissions becomes increasingly 
important as the population ages. Current prediction research on stroke-related medical services 
mainly relies on point prediction, which lacks the ability to quantify uncertainty. In this study, we 
try to develop parametric probability prediction models of stroke admissions based on machine 
learning and deep learning algorithms. We collected stroke data and environmental data from 
February 11, 2019 to May 26, 2023 in Chengdu, and employed prediction models encompass negative 
binomial regression, natural gradient boosting (NGBoost), long short-term memory networks 
(LSTM), and transformer. For performance assessment, mean absolute error (MAE) is used to 
evaluate point prediction accuracy, while continuous ranked probability score (CRPS) is applied to 
assess the quality of distribution fiĴing.We find that models with the ability to capture and process 
time-series information demonstrate greater advantages in probabilistic prediction, and among the 
four evaluated models, the transformer model proves to be the one that delivering more reliable and 
precise outcomes in both point prediction of admission counts and distribution fiĴing performance. 
This probabilistic forecasting approach provides robust evidence-based decision support for 
healthcare administrators to optimize resource allocation and staffing arrangements, and ultimately 
helps elevate the quality of medical care for stroke patients. 

Keywords: stroke prediction; probabilistic prediction; machine learning; deep learning; 
environmental data 
 

Introduction 

Stroke, an acute cerebrovascular disease, is one of the leading causes of disability and death 
worldwide(Kulick et al. 2023). There are more than 15 million new stroke patients every year 
according to World Health Organization (WHO)(Verhoeven et al. 2021). The escalating incidence of 
stroke and high associated treatment costs have imposed enormous pressure on medical 
resources(Feigin et al. 2021). In this context, predicting of the demand for stroke medical services can 
effectively alleviate multi-stakeholder pressures and enhance the efficiency of medical response. 

Environmental factors play a crucial role in the prevention and public health intervention of 
stroke. As the threat of climate change to ecosystems and human survival becomes increasingly 
severe(Carlson 2024), a growing number of studies have revealed a close link between environmental 
factors, particularly air pollutants, and the risk of stroke(Ranta et al. 2023). Short-term exposure to 
high concentrations of pollutants increases the incidence of cerebrovascular diseases, whereas long-
term exposure may induce stroke by accelerating atherosclerosis, triggering systemic inflammation, 
and causing endothelial dysfunction(Brook et al. 2010; Shah et al. 2015; Rajagopalan et al. 2018). A 
Chinese study revealed that a 10µg/m3 increase in PM2.5 concentration is significantly associated with 
a 0.19%, 0.26%, and 0.26% increase in same-day hospital admissions for total cerebrovascular disease, 
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ischemic stroke, and transient ischemic aĴack, respectively(Gu et al. 2020). Additionally, studies 
conducted in the United States have similarly confirmed that long-term exposure to PM2.5, NO2, and 
O3 may independently increase the risk of stroke among the US elderly, among which traffic-related 
air pollution plays a particularly crucial role(Ma et al. 2022b). Collectively, these findings highlight a 
strong correlation between environmental factors and stroke. However, current healthcare systems 
are inadequately prepared to manage fluctuations in demand associated with such environmental 
influences(Romanello et al. 2023). Thus, integrating environmental factors into predictive models 
assumes particular significance. 

Numerous studies have been conducted on machine learning-based healthcare service demand 
forecasting (Monteiro Martins et al. 2025), with many leveraging air pollution and meteorological 
data to predict overall healthcare needs. Few of these machine learning-driven healthcare demand 
forecasting studies focus specifically on stroke hospital admission forecasting, and of the limited 
studies that have been done, most are restricted to point forecasting of future admissions (Santhanam 
et al. 2025; Yang et al. 2025), which only provides a single numerical value and fails to quantify the 
inherent uncertainty of future admissions—for example, it cannot reflect whether the actual 
admissions will be 8 or 16 due to sudden weather changes or population mobility, making it difficult 
for hospitals to prepare for both undercapacity and overcapacity risks. Conventional uncertainty 
quantification methods for point forecasts, such as 95% confidence intervals, are mostly built on 
normal distribution assumptions that are incompatible with the overdispersed count nature of 
hospital admission data, leading to biased risk estimation. Existing research has shown that 
parametric probabilistic forecasting, which uses machine learning models to predict the parameters 
of the target outcome distribution, can effectively overcome the above limitations and provide more 
reliable decision support for healthcare resource management (Salinas et al. 2020). This approach 
outputs the full probability distribution of possible admission outcomes, allowing administrators to 
quantify tail risks, guide targeted decisions, and avoid blind resource allocation. Furthermore, to our 
knowledge, this parametric distributional forecasting framework has not yet been applied to stroke 
demand forecasting. 

Thus, we perform parametric probabilistic prediction modeling on stroke admission data 
collected from The Third People’s Hospital of Chengdu. We first analyze the distribution 
characteristics of the stroke admission data using the chi-square goodness-of-fit test, and the results 
confirm that the data follows a negative binomial distribution. Based on this distributional 
characteristic, we use a suite of machine learning and deep learning algorithms, including natural 
gradient boosting (NGBoost), long short-term memory (LSTM), and Transformer, to predict the two 
core parameters that define the daily negative binomial distribution of stroke admissions, with 
negative binomial regression employed as the baseline model. We find that models capable of 
capturing time-series information exhibit greater advantages in probabilistic prediction, and among 
these, the Transformer model excels in both point prediction and distribution fiĴing, emerging as the 
most comprehensive performer overall. These findings not only reveal the important role of 
environmental factors in stroke risk but also emphasize the unique value of quantifying distributional 
uncertainty in optimizing healthcare resource allocation amid climate change challenges. 

Materials and Methods 

Data Collection and Processing 

Study Area 

Chengdu is situated in the central region of Sichuan Province, southwestern China, and acts as 
a core key city within the Chengdu-Chongqing Economic Circle. It serves as a critical hub for regional 
economy, culture, transportation, and technological innovation in southwestern China. By the end of 
2024, the permanent resident population of Chengdu had surpassed 21.2 million, while its regional 
GDP reached approximately 2.2 trillion yuan. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 May 2026 doi:10.20944/preprints202605.1209.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1209.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 13 

 

Notably, Chengdu is located in the Sichuan Basin, a topographic feature defined by high 
surrounding mountains and a low-lying central plain. This enclosed terrain restricts horizontal air 
flow and vertical atmospheric mixing, significantly impeding the diffusion of atmospheric pollutants. 
As a result, pollutants tend to accumulate in the urban area, especially under stable meteorological 
conditions, which has amplified local environmental concerns amid rapid urbanization and 
industrial development. This unique topographic constraint makes Chengdu a particularly 
representative site for exploring environmental and health-related research questions. 

Data 

Data sources for this study included： 
(1) Daily stroke admissions records from The Third People’s Hospital of Chengdu between 

February 11, 2019, and May 26, 2023. While each patient’s medical record contains gender, age, 
primary diagnosis, and occupation, this study exclusively tallied the daily aggregate count of hospital 
admissions due to stroke episodes. 

(2) Air pollution data are collected from AQISTUDY China (hĴps://www.aqistudy.cn/), 
encompassing conventional air pollutants and fine particulate maĴer components. Key pollutants 
monitored include PM2.5, PM10, CO, NO2, SO2, O3, etc； 

(3) Meteorological data are obtained from the U.S. National Centers for Environmental 
Information (hĴps://www.ncei.noaa.gov/), covering meteorological variations in Chengdu during 
the study period. Parameters included daily maximum temperature, minimum temperature, mean 
temperature, wind speed, and other relevant climatic variables. 

To address missing values within the data sequences, this study employed a forward-fill 
imputation method, which utilized observations from adjacent time points to preserve temporal 
continuity, thereby preserving data quality and enhancing model performance. 

Descriptive Analysis 

Figure 2 presents box plots of the variables in the dataset, which include air pollutants (e.g., PM2.5, 
PM10, CO, NO2), meteorological parameters (e.g., average temperature, minimum temperature, wind 
speed), and the number of stroke admissions. Virtually all variables display a substantial number of 
outliers distributed above the upper whisker of their respective box plots—a paĴern that indicates 
the presence of extreme values in the upper range of these variables. Additionally, specific air 
pollutants such as PM2.5, PM10, and O3_8h exhibit marked variability: they not only have wide value 
ranges but also large variances, which reflect high dispersion in their measurements throughout the 
study period. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 May 2026 doi:10.20944/preprints202605.1209.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1209.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 13 

 

Figure 2. Box plots of various variables in the dataset. AQI: air quality index; PM2_5: particulate maĴer ≤2.5µm 
(ug/m³); PM10: particulate maĴer ≤10µm (ug/m³); CO: carbon monoxide (mg/m³); NO2: nitrogen doxide (ug/m³); 
SO2: sulfur dioxide (ug/m³); O3_8h: 8-hour average ozone (ug/m³); AT: average temperature; MaxT: maximum 
temperature; MinT: minimum temperature; Wind speed: Average Wind Speed (m/s); Number: the daily total 
inpatients with stroke. 

Figure 3 illustrates the temporal paĴerns of air pollutants, meteorological parameters, and the 
number of stroke admissions throughout the study period. Three distinct characteristics are 
observable in the temporal variations of the variables: First, several variables exhibit clear periodicity, 
such as O3, temperature, PM2.5, and PM10. This periodicity mainly manifests as seasonal fluctuations: 
O3 and temperature reach high levels in summer and low levels in winter, while PM2.5 and PM10 show 
the opposite paĴern, with higher levels in winter and lower levels in summer; Furthermore, certain 
groups of variables show a degree of correlation: PM2.5 and PM10 display aligned temporal trends, as 
they share common emission sources (e.g., combustion and dust) and exhibit similar atmospheric 
diffusion behaviors; similarly, meteorological variables including average temperature, maximum 
temperature, and minimum temperature are closely linked to diurnal and seasonal solar radiation 
changes, thus exhibiting synchronized fluctuations; In contrast, the remaining pollutants (e.g., CO, 
NO2, and SO2) lack distinct temporal regularities, instead showing irregular fluctuations over the 
study period. 
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Figure 3. PaĴerns of air pollution, meteorological data, and stroke admissions at The Third People’s Hospital of 
Chengdu, spanning from February 11, 2019, to May 26, 2023. 

As for the temporal paĴern of the number of stroke admissions, it exhibits distinct characteristics 
over the study period: a distinct peak is observed on March 1, 2019, after which the number declines 
and fluctuates below the median of 19. Subsequently, it enters a trough around February 2020, 
followed by a slow fluctuating upward trend. Overall, the number of stroke admissions remains 
below the median in the early stage of the study period and shifts to above the median in the later 
stage. 

Figure 4(a) shows the distribution of stroke admissions, from which we hypothesize that the 
number of stroke admissions might follow a negative binomial distribution. To verify this 
assumption, we employ a 2 goodness-of-fit test, which show that 2 statistic is 20.05 and P-value is 
0.0661 (>0.05), such that the null hypothesis that stroke data follows a negative binomial distribution 
could not be rejected.We further construct a Q-Q plot in Figure 4(b) to examine the fiĴing effect, 
which demonstrates that the scaĴer points align closely with the reference line (R² = 0.9889), 
confirming that stroke data follows a negative binomial distribution. 

 

Figure 4. a) Distribution fiĴing plot for stroke admissions and (b) the Q-Q plot (R²=0.9889). 

Feature Processing 

We perform dimensionality reduction on the collected variables by screening for predictors 
associated with stroke admissions. Given that environmental pollutants and meteorological factors 
exert an influence on stroke onset through non-linear relationships, we calculate spearman 
correlation coefficient(Wissler 1905; Myers and Sirois 2006; Ali Abd Al-Hameed 2022) to identify 
relevant variables. More specifically, we compute spearman correlation coefficients between daily 
stroke admissions and all candidate variables for each season defined by spring (1st March to 31st 
May), summer (1st June to 31st August), autumn (1st September to 30th November), and winter (1st 
December to 28th/29th February, accounting for leap years). Findings demonstrate that not all 
variables are correlated with daily stroke admissions, and even when such associations exist, their 
magnitude varies across seasons. Furthermore, we assess the interrelationships among these 
variables, remove redundant ones through this screening process, and ultimately, the remaining 
variables are as follows: CO, NO2, SO2, O3_8h, and MinT. 

To account for lagged effects of environmental factors on stroke admissions, we determine 
optimal lags (within one week) for each predictor using the cross-correlation function (CCF), 
assigning these as lagged features. Furthermore, we observe that environmental factors exhibit 
seasonally distinct effects on stroke incidence by spearman correlation coefficients. We therefore 
construct interaction terms between lag terms and seasons. The final selected features are 
summarized in Table 1. 
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Table 1. The finally selected variable features. A total of twenty-five variables, including environmental lagged 
features and seasonal interaction features, were used as input variables for the model. 

Feature category Feature variable Note 

Environmental lagged 

features 

CO_lag3 

The lag term was selected by 

identifying the maximum CCF 

value over a 7-day window. 

NO2_lag0 

SO2_lag0 

O3_8h_lag5 

MinT_lag1 

Seasonal interaction features 

CO_lag3×season 

Each combines a lagged air 

pollutant or meteorological 

parameter with a seasonal 

categorical variable. 

NO2_lag0×season 

SO2_lag0×season 

O3_8h_lag5×season 

MinT_lag1×season 

Goals and Metrics 

Forecasting Task 

Based on the previous 2 goodness-of-fit test, this study posits that the daily number of stroke 
admissions in Chengdu follows a negative binomial distribution.There are two prediction tasks in 
this study: first, to characterize the probability distribution of daily stroke admissions via distribution 
fiĴing; second, to generate point predictions for future daily admissions. To accomplish the laĴer, the 
study employs the mathematical expectation of the distribution—derived from the estimated 
parameters—as the point prediction. 

Evaluation Metrics 

To align with the prediction objectives explicitly delineated in this study, an evaluation of two 
key dimensions is requisite: the performance of the model’s point predictions and the efficacy of its 
distribution fiĴing. With respect to point prediction assessment, commonly employed metrics 
include the mean absolute percentage error (MAPE), root mean square error (RMSE), and mean 
absolute error (MAE)(Monteiro Martins et al. 2025). This study employs MAE as the evaluation 
metric for its robustness to extreme values and intuitive interpretability in characterizing average 
prediction errors. MAE calculates the average of absolute differences between predicted and actual 
daily admission counts, defined by the formula: 

，



n

i
ii yy

n
MAE

1

ˆ1

 

where n denotes the number of observations, iŷ represents the forecasted admission count for day i , 

and iy is the actual observed value. 
We employ continuous ranked probability score (CRPS) as the evaluation index for distribution 

fiĴing, which quantifies the integrated discrepancy between the forecasted distribution and observed 
values, considering both prediction accuracy and distribution shape(Bröcker 2012; Zamo and Naveau 
2018). Its computational formula is defined as: 

       ，dxyxxFyFCRPS
2

, 




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where  xF denotes the cumulative distribution function (CDF) of forecasts, y is the observed value, 

and  II represents the heaviside step function. 

Models Used in the Study 

All operations and models described were implemented using Python 3.11.10. The dataset is 
divided chronologically into three parts: 70% is allocated for model training, 15% serves as a 
validation set to check for overfiĴing, and the remaining 15% acts as a test set for evaluating the final 
model performance. To eliminate the interference of parameter randomness on experimental results, 
30 repeated tests are conducted in this study, and the average performance across multiple tests is 
adopted as the basis for model comparison. During each test, the parameter estimates of the model 
are recorded, and after the experiment, the evaluation metrics of the model in the two tasks are 
further calculated and analyzed. 

Negative Binomial Regression 

Multiple linear regression is one of the most popular and classical predictive methods. It uses a 
set of explanatory (or predictor) variables to forecast a target variable of interest and is widely used 
for modeling linear relationships(Maulud and Abdulazeez 2020). The simplest linear regression 
equation is as follows: 

，  pp xxxy ...22110  

Where y  is our target variable of interest,  ,...,pixi 1  are the explanatory variables, 
 pii ,...,2,1,0 are regression coefficients, and  2,0~  N . 

However, in many cases, particularly within medical contexts, the normality assumption often 
did not hold. Therefore, the linear regression model should be replaced with other, more appropriate 
models. Based on the characteristics of our data, we employed a negative binomial regression 
model(Ver Hoef and Boveng 2007) here, which was summarized in the following form: 

  ，pp xxx   ...ln 22110  

Where  XYE | is the conditional mean of the target variable Y, given the explanatory variables
 ,...,pixi 1 . This model establishes a linear relationship between the explanatory variables and the 

conditional mean   via a log-link function. Simultaneously, the model introduced introduced a 

dispersion parameter to control the conditional variance      2||| XYEXYEXYD  . This 
combination enabled precise modeling of the distribution of admission counts. 

Natural Gradient Boosting 

Natural gradient boosting(Duan et al. 2020)is a probabilistic regression algorithm within the 
gradient boosting framework. Its core innovation lies in jointly optimizing multi-parametric 
conditional distributions. Unlike traditional regression limited to point estimates, NGBoost enables 
probabilistic predictions by parameterizing conditional distributions, thereby capturing 
distributional shapes and uncertainty measures. 

NGBoost comprises three configurable components: (1) Base learner, which supports flexible 
regression models (defaulting to decision trees that partition feature spaces non-linearly); (2) 
Parametric distribution, defined by a parameter vector 

pR ; and (3) Scoring rule, which quantifies 
the match between predicted and observed distributions (e.g., Negative Log-Likelihood or CRPS). In 
this study, we select the negative binomial distribution as the parametric distribution, use default 
decision trees as the base learner, and adopt CRPS as the scoring rule, with processed features serving 
as model inputs. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 May 2026 doi:10.20944/preprints202605.1209.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1209.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 13 

 

Long Short-Term Memory 

Long short-term memory networks(Graves 2012), a specialized recurrent neural network 
(RNN)(Pascanu et al. 2013), address the vanishing gradient problem in long sequences through 
gating mechanisms and memory cells. This enables learning of long-term dependencies. LSTM has 
been successfully applied to clinical time-series prediction(Soltani et al. 2022; Yu et al. 2019a), with 
core innovations including cell states with input, forget, and output gates. 

We design a stacked LSTM model: Layer 1 dynamically learns local temporal paĴerns via gating 
mechanisms; Layer 2 compresses multi-dimensional sequences into context vectors to capture global 
dependencies. The output is fed into a fully-connected layer activated by ReLU, with L2 
regularization constraining complexity. The final output layer contains two neurons activated by 
Softplus to generate target distribution parameters. To verify the performance of the two-layer 
architecture, we compare it with its single-layer counterpart. 

Transformer 

In contrast to recurrent neural networks, which process sequences in a sequential manner, 
transformer handles sequential data across parallel timesteps while dynamically modeling inter-
timestep dependencies through multi-head aĴention. Its key advantages are twofold(Vaswani et al. 
2017; Zhou et al. 2021): (1) Self-aĴention mechanisms automatically pinpoint salient elements within 
sequences, effectively mitigating the gradient degradation issue inherent to RNNs when capturing 
long-range dependencies; (2) Multi-head aĴention enables the modeling of complex 
multidimensional feature interactions via joint subspace learning. 

In this study, we similarly design a stacked transformer model for comparison, aiming to 
analogize the concept of stacked LSTM and investigate whether stacked transformers can further 
enhance performance. This stacked architecture comprises two cascaded encoder layers: Layer 1 
captures local temporal paĴerns; Layer 2 models long-range dependencies. During decoding, the 
encoder output at the final timestep is used as the global context vector. These features are then 
transformed via the Softplus activation function to generate target distribution parameters. 

Results 

The average performance of each model in the tasks of the prediction of stroke admissions and 
distribution fiĴing is summarized in Table 2. In terms of the accuracy of the prediction of stroke 
admissions, the transformer model performs the best, followed by the LSTM model and the NGBoost 
model, with all three models outperforming the baseline model. Notably, the performance ranking 
of each model in the distribution fiĴing task is highly consistent with that in the headcount prediction 
task, and this consistency may stem from the approach of using the mean value of the distribution as 
the point prediction result in the experiment. Therefore, in terms of overall performance, the 
transformer model is the best, followed by the LSTM model, and then the NGBoost model and the 
baseline model in sequence. 

Table 2. Comparative results of prediction performance metrics MAE and CRPS across different models. 

 Metrics 

Model MAE CRPS 

Negative Binomial Regression 17.675 14.198 

NGBoost 12.651 9.617 

LSTM(1-layer) 13.177 10.059 

LSTM(2-layer) 12.600 9.473 

Transformer(1-layer) 12.096 9.040 

Transformer(2-layer) 12.153 9.103 
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We find that stacked transformer model does not improve its performance, while stacked LSTM 
model outperforms the single-layer structure. This difference may be associated with the temporal 
processing capabilities of the two model types: For the target task investigated in this paper, a single-
layer transformer can already capture global temporal dependencies in parallel via the multi-head 
aĴention mechanism, without the need for additional layers. In contrast, a single-layer LSTM is 
constrained by the local temporal memory characteristic of the gating mechanism and cannot fully 
capture the long-period headcount change paĴerns. By stacking feature extraction layers, stacked 
LSTM may be delve deeper into the deep temporal information in the sequence, thereby effectively 
compensating for the shortcomings of the single-layer model. 

Discussion 

Stroke exerts a substantial economic burden upon both patients and healthcare services(Li et al. 
2024), accurate prediction of stroke admissions allows administrators to tackle resource constraints, 
staffing shortages, and budgetary challenges, and meanwhile, the quality of patient care can be 
enhanced(Teixeira et al. 2021; GaĴringer et al. 2019). Using a single value as the predicted value for 
future stroke admissions is intuitive, yet it fails to quantify prediction risks. In this study, machine 
learning models are utilized to generate probabilistic demand forecasts with uncertainty 
quantification, and the aim is to provide useful reference information for Chengdu. 

To address the shortcoming that point forecasting fails to quantify the inherent uncertainty 
associated with future admission numbers, probabilistic prediction of stroke is performed using 
machine learning in this study. The area of this study is Chengdu, and data from The Third People’s 
Hospital of Chengdu between February 11, 2019, and May 26, 2023 are adopted. Distribution fiĴing 
reveals that historical stroke admissions in the hospital follow a Negative Binomial distribution, 
which is characterized by overdispersion that increases prediction uncertainty. 

Four models are employed for probabilistic prediction of admission counts, including negative 
binomial regression, NGBoost, LSTM, and transformer. The mean value of the distribution predicted 
by the model is used as the predicted value of stroke admissions. The results show that among the 
four models, the transformer model performs the best comprehensively, followed by LSTM and 
NGBoost, with all three models outperforming the baseline regression model. LSTM is a type of RNN, 
which is difficult to handle long time series(Yu et al. 2019b), and several studies(Wang et al. 2018; Ojo 
et al. 2019; Ma et al. 2022a)have achieved promising results by adopting stacked LSTM. In this study, 
through a comparison of different stacked LSTM architectures, we also find that the stacked LSTM 
model outperforms its single-layer counterpart. Furthermore, the performance of the transformer and 
LSTM models reveals a certain association between the ability of models to capture and process time-
series information and the prediction accuracy of admission counts. 

For the transformer model, which performs the best, its MAE is 12.096. Such deviation is within 
the acceptable range of hospitals but does not meet our target expectation, which may be related to 
the impact of the COVID-19 pandemic during the studied period(Drenck et al. 2022; Akhtar et al. 
2022). Changes in the number of stroke admissions during the study period can be seen in the time-
series graph (Figure 2). In the graph, the number of admissions in the early stage is generally below 
the median, while in the later stage, it is above the median. Prior research has shown that the COVID-
19 pandemic may lead to fewer stroke admissions(Bres Bullrich et al. 2020; Padmanabhan et al. 2021), 
and the sequelae it causes could also raise the likelihood of stroke(Spence et al. 2020; Nannoni et al. 
2021). Notably, the early phase of the study timeframe aligns with the COVID-19 pandemic period, 
while the higher admission numbers observed in the later phase could be linked to the sequelae of 
this pandemic. Such fluctuations caused by the pandemic introduce abnormal temporal paĴerns into 
the training data, deviate from the regular epidemiological trend of stroke admissions and make it 
hard for models to learn stable underlying paĴerns(Nogueira-Leite et al. 2021). 

For the prediction models developed in this study, the foundational data sources are 
environmental pollution metrics and meteorological records, with no integration of detailed 
individual clinical information. It should be acknowledged that incorporating such clinical data could 
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potentially enhance predictive accuracy; furthermore, as the data of the study are sourced exclusively 
from a single hospital (The Third People’s Hospital of Chengdu), the generalizability of its findings 
may be confined to specific regions within Chengdu rather than extrapolable to the entire city. 
Notably, the core objective of this work is to forecast stroke demand at the institutional or regional 
level, not to predict individual stroke risk, thus models built on environmental pollution and 
meteorological data still effectively capture broader trends in stroke incidence. Even with insights 
limited to the specific Chengdu region represented by the participating hospital, which enjoys a 
prominent standing and exerts considerable influence in Chengdu, the findings remain valuable in 
providing actionable information and references for healthcare stakeholders in Chengdu and the 
general public. 

Conclusion 

In this study, we conduct a comprehensive evaluation of four machine learning models for the 
probabilistic prediction of stroke admissions, with foundational data sourced from The Third 
People’s Hospital of Chengdu (spanning February 11, 2019, to May 26, 2023) and leveraging 
environmental pollution and meteorological records as input features. The results indicate that the 
transformer model delivers the most reliable and accurate probabilistic forecasts. We aim to provide 
evidence-based support for healthcare administrators in Chengdu, supporting their decisions on 
resource allocation and staffing adjustment, and in turn contributing to improved quality of care for 
stroke patients. 

Future work could focus on incorporating detailed individual clinical data to supplement model 
inputs, collecting data from multiple healthcare institutions in Chengdu to build a joint dataset, and 
refining the prediction target to a specific type of stroke to enhance the specificity of analysis. This 
will help enhance practical value of the model in forecasting stroke admissions within healthcare 
system in Chengdu. 
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