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Abstract: Herein, we examined the effects of weather parameters and individual clinicodemographic risk
factors on hemorrhagic stroke (HS) incidence, severity on admission, and disability at discharge in a harsh
desert climate. In a retrospective design we studied patients admitted to a stroke unit in Arab Emirates in 2016-
2019. With a distributed lag nonlinear model we explored immediate and delayed effects of weather on stroke
incidence. Supervised machine learning was used to build models predictive of scores in NIHSS and mRS
scales. We assessed model performance by calculating ROC AUC, F1 scores, specificity, and sensitivity. HS risk
increased after a significant change in any weather parameter. The risk was reduced below baseline after 1-
week adjustment to environmental changes. Climate input from the previous 3 days yielded reliable
classification models. Humidex was a better predictor of severity than air temperature, whereas body mass
index, age, and time of day at stroke onset were the strongest clinical predictors. Weather parameters before
admission were stronger predictors of disease severity than individual clinical factors. We addressed
limitations of previous studies by analyzing a full set of climate parameters: ambient temperature, relative
humidity, humidex, atmospheric pressure, and wind speed. Predictive models may help to optimize patient
management and develop preventative strategies.
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1. Introduction

Hemorrhagic stroke (HS) is a life-threatening condition which accounts for 10-40% of all strokes
across the Middle East (1). Although its overall incidence is lower than that of acute ischemic stroke,
HS usually exhibits greater baseline severity and poorer outcomes (2). Research on intracranial
hemorrhage (ICH) leads to controversial findings regarding the enhanced therapeutic response in the
early phase of HS (2, 3). The Coronavirus disease (COVID-2019) pandemic has added to this burden.
However, COVID-2019-associated HS does not differ from other forms in age distribution, sex ratio,
strength of vascular risk factors, severity or outcome (4).

Researchers have not yet built reliable predictive models for HS outcomes because HS types
differ regarding anatomic localization, incidence, etiology, signs and symptoms, prognosis, and
outcome (5). Risk factors are not well-established, and interventions to reduce risk are to be
determined (6). Age, sex and ethnicity may serve as risk factors (7, 8, 9, 10, 11, 12, 13). The modifiable
risk factors for ICH include excessive body weight and arterial hypertension (14, 15). In contrast, the
non-modifiable risk factors are male sex, older age, and Asian ethnicity (16, 17). Some studies justify
the environmental risks that increase predisposition to intracranial bleeding. For instance, the ICH
incidence increases with a rise in atmospheric pressure (AP) the previous day, whereas a fall in AP does
not affect the overall stroke incidence (18). A research found a modest correlation between AP and the
number of subarachnoid hemorrhage (SAH) per day, and a stronger correlation between daily change
in AP and SAH occurrence (19). A multicenter worldwide study reported an increased risk of
intraparenchymal hemorrhage (IPH) within a few hours of exposure to a very low ambient
temperature (AT) (20). To advance the forecast the disease course, various risk factors should be
analyzed in combination with medical findings using multimodal machine learning algorithms (21,
22,23, 24, 25, 26, 27, 28, 29, 30).

Different studies have not yet been translated into stroke reduction strategies, partly due to
inconsistent conclusions which stem from a lack of precise stroke classification into ischemic vs.
hemorrhagic cases. Also, the inherent complexity of weather and the need to examine the combined
effects of multiple weather and clinical factors have hampered the development of robust predictive
algorithms and guidelines. Further, it is unclear if absolute values or relative changes in weather
metrics over time can offer better prediction. The development of the disease model serves the idea
of personalized treatment when individual parameters are considered together with acute and delayed
environmental effects. Few studies have considered individual variables and large air volumes. One of
them reported an increased risk of intracerebral bleeding when dry polar air masses appeared, and
a reduced HS risk 5-days later. This suggests that the delayed effects on stroke incidence are
dependent on the cumulative effects of air masses and temperature changes (31). Novel studies
should overcome recent research limitations by texting the entire range of relevant individual risks
and weather elements.

2. Objectives

The aim is to stratify the risks of HS in the United Arab Emirates (UAE). The hot dry climate of
the region imposes a substantial burden on society. The central hypothesis of the study is that atmospheric
conditions in the desert climate are reliable predictors of HS risk, and it is essential to identify the strongest
one. The primary objective is to elucidate the associations of weather parameters and
clinicodemographic variables with HS incidence. We also aim to look at how atmospheric conditions
interact with clinical risk factors to influence HS severity (second objective) and early outcomes (third
objective).

3. Materials and Methods

3.1. Dataset Description

We collected a dataset of de-identified HS cases from the Al Ain Hospital (Al Ain, Abu Dhabi,
UAE) information system. The dataset was labeled PRAS after the project “Prognostication of
Recovery from Acute Stroke.” The weather parameters for Al Ain city were obtained from the
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National Oceanic and Atmospheric Administration website. We also collected and analyzed the
following clinicodemographic predictors of stroke incidence and clinical outcomes: age
(DEMOGRAPHY _age), sex (DEMOGRAPHY_sex), ethnicity (DEMOGRAPHY _ethnicity), body
mass index (BMI), history of stroke (History_OldStroke), history of smoking (History_Smoking),
current diabetes mellitus (History_DM), arterial hypertension (History_HyperTension), ischemic
heart disease (History_IschemicHeartDisease), arterial hypertension (History_ArterFibrillation), and
hyperlipidemia (History_HyperLipidaemia), year of HS onset (year), day of onset (ONSET_Date),
time of day at onset (ONSET_LKW_time), National Institutes of Health Stroke Scale (NIHSS) score at
hospital admission (Screening_tools_NIHSS), final diagnosis (Diagnosis_Final), and e.g., in-hospital
mortality, modified Rankin Score (mRS) at discharge (Discharge_Plan_Modified_Rankin_Score). We
added the following derivative qualitative variables to categorize the cases for analysis: age group
(DEMOGRAPHY _agerange), with categories of 18-44, 45-59, 60-74, 75-89, and >90 years, and HS
time of day at onset group (Day_Time), with the categories of morning (06:00-12:00), afternoon (12:00-
18:00), evening (18:00-24:00), and night (00:00-06:00).

Atmospheric features. The following data were collected from the Al Ain meteorological station:
daily AT, relative humidity (RH), wind speed (WS), and AP. The number of days between stroke
onset and a given weather event was expressed by a number after the acronym (e.g., WS7 is the wind
speed 7-days before the hemorrhage onset). We also calculated the humidity index (humidex) from AT
and RH. The daily change and associated lag (up to 7-days before HS onset) were calculated for air
temperature (TDIF), pressure (PDIF), wind speed (WDIF), relative humidity (RHDIF), and humidex
(HDIF).

3.2. Study Design and Patients

The primary outcome was the number of daily emergency hospital admissions for HS. We
retrospectively analyzed the records of all patients (n=160) with nontraumatic intracranial bleeding who
were admitted to the Stroke Unit of Al Ain Hospital from January 1, 2016 to December 31, 2019 (see
Table 1). In accordance with the national healthcare standards, all the patients were examined by a
neurologist and underwent a brain computerized tomography (CT) scan, a complete etiologic review,
and other essential tests to fulfill the HS diagnostic criteria. The inclusion criterion was CT
conformation of nontraumatic SAH [I60 in International Classification of Diseases (ICD-10)],
nontraumatic intracerebral hemorrhage (I61 in ICD-10; most cases of 431 in ICD-9), or unspecified
nontraumatic ICH (I62.9 in ICD-10; 432.9 in ICD-9). The study was reviewed by the Al Ain Hospital
Research Ethics Governance Committee (reference number AAHEC-12-19-033) and approved for the
retrospective analysis of the data obtained as the standard of care; the procedures followed were in
accordance with institutional guidelines.

Table 1. Diagnoses of the study cohort.

ICD codes Nosology Number of cases
Nontraumatic subarachnoid hemorrhage 2 (1.25%)

160.4 - From basilar artery 1 (0.62%)
160.9 - Unspecified 1 (0.62%)

Nontraumatic intracerebral hemorrhage with a specified location 51 (31.88%)
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161.0 - In hemisphere, subcortical 17 (10.62%)
I61.1 - In hemisphere, cortical 11 (6.88%)
161.2 - In hemisphere, unspecified 2 (1.25%)
161.3 - Hemorrhage in brain stem 7 (4.38%)
161.4 - Hemorrhage in cerebellum 8 (5%)
I61.5 - Hemorrhage, intraventricular 4 (2.5%)
I61.6 - Hemorrhage, multiple localized 2 (1.25%)
Nontraumatic intracerebral hemorrhage with an unspecified location 95 (59.38%)
161.8 - Other nontraumatic intracerebral hemorrhage 12 (7.5%)
161.9, 431 - Unspecified 83 (51.88%)
Nontraumatic intracranial hemorrhage 12 (7.5%)
162.9,432.9 - Unspecified 12 (7.5%)

Total: 160 (100%)

ICD: International Classification of Diseases.

4. Calculation

To address the associations of desert weather parameters and clinicodemographic variables with
HS incidence (first objective), we conducted a comparative analysis of groups divided by age (Table
2), sex, and ethnicity (Table 3). As the variables had non-normal distributions, we utilized
nonparametric tests for the analysis. Differences in continuous variables between sexes and ethnic
groups were assessed either by Mann-Whitney U test or Kruskal-Wallis test. Differences between
categorical variables were assessed using the Fisher’s exact test or the Chi-square test. Associations
between ICH incidence and weather parameters (Table 3), ethnicity, and sex (Table 4) were described
with the point biserial correlation coefficients between the daily changes in meteorological factors
and HS incidence. We also constructed barplots (Figure 1) representing regional circannual weather
changes and HS morbidity rates. We studied the immediate and delayed effects of weather on HS
incidence with distributed lag nonlinear model analysis (Figure 1). Figures 1A-1H present the models
of the relative risk (RR). The reference values used to calculate RR were the point of overall minimum
HS incidence (32).
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Figure 1. Contour exposure-lag-response plots and three-dimensional exposure-lag-response plots
of hemorrhagic stroke risk versus ambient temperature (a, b), perceived temperature (c, d),
atmosphere pressure (e, f), wind speed (g, h) and daily changes in them (lag =7 days).

To address the second objective, we used both descriptive statistics and machine learning (ML)
approaches. Stroke severity was stratified into 38 cases with NIHSS scores of < 4 and 47 cases with
NIHSS scores of >4. Cases with missing NIHSS scores were excluded from the analysis. For both
classes, we built barplots for the weather parameters and clinicodemographic factors to check the
separability of data between cohorts. We also analyzed the variance of HS onset time according to
severity. Then we constructed a model for predicting NIHSS score at admission from the set of
clinicodemographic and weather-related parameters. To prepare the models, we used the following
pipeline. First, we ranked the relative importance of clinicodemographic risk factors according to their
impurity-based predictive potential. For ranking, we utilized a set of tree-based classifiers and then
averaged all the received scores. We performed single imputation procedures by replacing missing
continuous parameters (predictors) with mean values and qualitative features — with median values.
To standardize features, we used a standard scalar.

Next, we analyzed the informative value of both clinicodemographic predictors and weather
parameters to forecast HS severity. We selected top informative predictors and built the ML models
forecasting NIHSS score class to compare the informative values of clinicodemographic risk factors
taken separately and in combination with weather parameters. A stratified tenfold cross-validation
technique was used to train several ML classification models to evaluate the classifier output quality.
We used 90% of the data for each fold to train the model and the other 10% for testing. The decision
matrices built on the test dataset for all iterations were combined and used to calculate the
performance metrics. We assessed model performance by calculating the area under the receiver
operating characteristic curve (AUC), precision-recall metrics, Fl-scores, specificity, and sensitivity.
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Table 2. Incidences of intracranial hemorrhage in Al Ain stratified by sex and age group.

Variable Total Mean number Mean per City
number per annum 100,000 people population
Female 44 11.0 5.00 249,940
HScases  yraje 116 29.0 9.67 315,310
Total 160 40.0 7.60 565,250
in 2016 38 - 7.25 524,000
in 2017 21 - 3.79 554,000
in 2018 50 - 8.54 585,000
in 2019 51 - 8.52 598,000
0-34 years 7 1.75 1.80 389,057
35-44 years 42 10.50 40.15 104,595
Age groups
45-54 years 40 10.00 82.57 48,443
55-64 years 32 8.00 190.41 16,806
65-74 years 19 4.75 400.33 4,746
>75 years 20 5.00 1247.66 1,603




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 March 2024

Table 3. Comparisons of clinicodemographic parameters between ethnic groups and sexes within the

study cohort.

Arabs Asians Female Male
pi-2 P34

m="74 n2= 85 n3=44 ns=116
Male 50 (43.5%)  65(56.5%)  (og3 _ B }
Female 24 (54.5%) 20 (45.5%)
Age 62.31 = 47.63+9.90 <0.001 53.18 + 57.81 + 0.098

14.88 13.52 16.28
Current smoking 6 (8.11%) 9 (10.59%) 0.593 - 15 (12.93%) <0.001
Arterial fibrillation 2 (2.70%) 1(1.18%) 0.496 2 (4.55%) 1 (0.86%) 0.269
Hypertension 61 (82.43%) 63 (74.12%)  0.205 38(86.36%) 87 (75.00%) 0.089
Hyperlipidemia 8 (10.81%) 0 0.004 2 (4.55%) 6 (5.17%) 0.869
Diabetes mellitus 48 (64.86%) 25(29.41%) <0.001 21 (47.73%) 52 (44.83%) 0.746
Ischemic heart 10 (13.51%) 3 (3.53%) 0.028  5(11.36%) 8 (6.90%) 0.410

disease

Expressed as mean + standard deviation (SD) or count (%).
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Table 4. Associations between meteorological factors and hemorrhagic stroke incidence.

Correlation with HS
Incidence
Variable Mean+SD  Median [IQR] Min - Max
r-
p-value
coefficient
Temperature, absolute 29.36 + 30.39 [22.74- 11.67 41.89 -0.1123 0.000058
-C value 7.16 0.06 35.93] - 5.5 -0.02817 0.3146
daily -0.002+1.6 [-0.78 to 11.61
change 0.89]
Atmospheric absolute 97942+ 980.5 [973.23- 964.1 993.5 0.08889 0.00148
pressure, value 7.02 0 980.5] -47 75 0.01519 0.5878
mbar daily -0.0008 = [-0.8 to 0.8]
change 1.41
Wind speed, absolute 774+196 7.5 [6.5-8.7] 37 21.1 -0.03227  0.24935
knot value 0.0007 + 0 [-1to1] -11.9 121  0.00722 0.7968
daily 1.89
change
Relative absolute 37.89 + 36.2 [25.25- 10.86 87.73 0.07537 0.007
humidity, % value 14.96 -0.11 48.51] -37.83 4894 0.02289 0.4139
daily 0.019 = [-5.33 to
change 9.18 5.07]
absolute 32.08+8.5 32.54 [24.73-39.6] 10.19 49.95 -0.10847 0.0001

Humidex, -:C
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value -0.00096 0.05 [-0.92 to - 7.57 0 0.9984

daily change +1.86 1.11] 11.07

Data expressed as mean + SD or median with interquartile range (IQR) and min-max.

To address the third objective, we divided all the cases into two classes according to the early
outcomes, 36 with mild or moderate disability (mRS < 3) and 41 cases with severe disability (mRS >
3). This reduced the study sample size because cases without mRS values were excluded. The data
processing algorithm was similar to that used for the second objective. We first prepared barplots to
assess the separability in clinicodemographic risk factor values between the groups. Then, we
analyzed the variance of HS onset time according to the early outcomes.

Using a similar pipeline, we constructed models for predicting mRS score at discharge from
clinicodemographic risk factors and weather-related parameters. First, we ranked clinicodemographic
risk factors according to classification strength. In addition to the predictors used in the second objective,
we included NIHSS score at admission. Then, we analyzed the informative value of the
clinicodemographic predictors and weather parameters for forecasting HS severity. We built
classifying ML models to predict the early stroke outcome from the clinicodemographicrisk factors and
in combination with weather parameters. Additionally, we looked for possible options to reduce the
amount of input data without reducing model performance. Moreover, parsing input may reduce “noise”
from useless variables, thereby improving model outcome metrics. For this purpose, we included
each significant variable one by one as a single predictor in a binary classification model and selected
those with the highest AUC (i.e, the most informative variables). For evaluating classifier
performance, we used Fl-scores (the harmonic mean of precision and recall, as both measures are of
equal importance). Finally, we compared prediction accuracy from all significant features and the
most informative ones.

5. Results
5.1. Effects of Weather Parameters on Hemorrhagic Stroke Incidence by Age, Sex, and Ethnicity

Tables 1 and 2 summarize the incidence of ICH in Al Ain as estimated by the stroke unit
admissions. The mean number of HS cases per annum was 43 (7.60 per 100,000 people), with a twice
higher incidence among males (30.5, 9.67 per 100,000) than females (12.5, 5.00 per 100,000). The
incidence of HS doubled after 45 years of age and tripled in individuals aged 75 and above. Table 3
compares the clinicodemographic features of the study cohort by sex and ethnicity. Table 4 illustrates
the basic distribution of meteorological factors and correlations with HS incidence. Daily changes in
the mean values of temperature, AP, RH, and humidex were significantly correlated with HS
incidence (all p <0.05). Furthermore, HS incidence had a positive associations with AP (r=0.089) and
RH (r = 0.075), and a negative associations with air temperature (r =-0.112) and humidex (r =-0.108).
In contrast, neither daily change in average wind speed (WS) nor the average daily change in any of
these four meteorological factors was associated with HS incidence. The barplots in Figure 4 further
support the results from Table 4 by demonstrating the correlations of daily changes in meteorological
factors with HS incidence. Again, average daily changes in temperature and humidex were positively
correlated with HS incidence. In contrast, AP and RH were negatively correlated with HS incidence.
Furthermore, neither WS nor average daily change in any metrological factor was significantly associated
with HS incidence.

We also examined if the associations between weather parameters and HS susceptibility differed
according to ethnicity and sex. Table 5 shows the variation in mean annual weather estimates
throughout the studied period and the correlation coefficients (with p-values) for HS incidence versus
weather parameters stratified by age and ethnicity. The associations of monthly HS rate with
corresponding meteorological data were stronger in ethnic Arabs than Asians and were more
pronounced in females than males.
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The contour plots in Figure 1 illustrate the immediate and delayed effects of AT, perceived
temperature (humidex) and the daily changes in these values on HS risk. There was an increase in risk
athigher temperatures with a 2- to 6-day lag, with the most substantial effect on the fourth day after the
weather event (Figures 1a-1b). Moderately elevated risk was also found on days when the temperature
dropped below 20°C. Ambient temperature change to lower values increased the risk of ICH, the
tendency was more pronounced from the second to the fourth day after the weather event. After 1-
week, HS risk returned to baseline for all weather events. A rise in humidex above 40°C and a drop
below 15°C increased the relative stroke risk on the day of the change (Figures 1c-1d). High humidex
values also reduced relative risk on the second and the seventh days after the weather event. A
decrease in humidex by >5°C resulted in a higher risk of ICH in the period between the first and the
fifth day. Similarly, an increased risk was associated with humidex increases of >5°C.

High AP and greater daily changes were associated with higher HS risk. However, the elevation
of AP above 990 mbar resulted in a one-day increase in relative risk and a subsequent decrease on the
fourth day after the weather event (Figure le). AP changes above 6 mbar resulted in a prolonged
increase in stroke incidence up to the fourth day after the weather event but a reduced incidence on
the sixth day after the weather event (Figure 1f). A WS increase demonstrated a longer-lasting effect
on HS risk, predicting high incidence from the second day to the end of the seventh day after the
weather event (Figure 1g-1h).

Table 5. Associations of meteorological factors with hemorrhagic stroke incidence by ethnicity and
sex.

Variable Years Correlation with HS incidence

2016 2017 2018 2019 P Arab, Asian, Female, Male,

m=366 n2=363 n3=356 ns=365 n=75 n=85 n=44 n=117

AT, absolute 28.9+7.1 29.7+7.3 29.7+7.1 29.1+7.2 0.344).1280.001-0.093 0.032 0.229:0.001-0.07 0.034

°C  change -0.0+1.6 0.0£1.7 0.0+1.5 -0.0+1.6 1.000

AP, absolute979.7+6.9979.5+6.9979.0+7.1979.4+7.1 0.620).1090.003 0.065 0.133 0.191:0.001).052 0.111

mbar change -0.0+1.4 -0.0+1.4 0.0+1.4 -0.0+1.4 0.999

WS, absolute 7.4+1.6 7.8£2.0 7.7+1.8 8.0+2.3 0.001).0330.374-0.027 0.5400.034 0.522).061 0.064

knot change 0.0+1.6 -0.0+2.0 0.0+1.9 -0.0+2.1 0.999

RH, absolute39.9+15.536.9+15.235.6+13.939.1+14.9<0.001.095 0.010 0.063 0.145 0.142 0.007).054 0.103

%  change 0.1+9.4 -0.1+9.5 0.0+8.5 0.1+9.3 0.996




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 March 2024 doi:10.20944/preprints202403.0943.v1

11

HI, absolute 31.9+8.4 32.2+8.4 32.1+8.4 32.0+8.8 0.962).1210.001-0.089 0.040 0.224:0.0010.065 0.049

°C  change -0.0+1.7 -0.0£1.9 0.0+1.7 -0.0£2.1 1.000

5.2. Effects of Weather Parameters on Hemorrhagic Stroke Severity at Presentation

The weather parameters (Figure 2a) and individual clinicodemographic features (Figures 2b-2c)
barplots illustrate specific separability of cohorts according to NIHSS scores (>4 or <4). The
comparison of these NIHSS score groups revealed that the strokes occurring in the morning or at
night were more severe at presentation than HS occurring at any other time of the day (Figures 2d-
2e). Feature selection was performed to build a predictive model for NIHSS score at admission. The
importance of risk factors was ranked according to their impurity-based predictive potential (Figure
3). In Figures 3a and 3b, the red dashed line separates the high-value parameters from the nonsignificant
ones. Figure 5a illustrates the performance of the model which includes the most informative
clinicodemographic risk factors; Figure 5b - all significant clinicodemographic and environmental
features. Table 6 lists the performance metrics for each model. Adding weather parameters increased
NIHSS prediction model sensitivity from 75% to 87.5% and specificity from 62% to 89%.
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Figure 2. (a) Variation of weather parameters on the day of hemorrhagic stroke (HS) and within 2
days before HS. Cases are stratified according to severity: minor [National Institutes of Health Stroke Scale
(NIHSS) score < 4]; moderate and severe (NIHSS score > 4). (b) Variations of body mass index (BMI),
age, and modified Ranking Score (mRS) at discharge in patients with minor hemorrhagic stroke
[NIHSS score < 4] and moderate—severe hemorrhagic stroke (NIHSS score > 4). (c) Variations of body
mass index (BMI), age, and NIHSS score at admission among patients with hemorrhagic stroke and
slight to moderate disability at discharge (mRS < 3) or severe disability/death (mRS > 3). (d) Variation
in time of day at hemorrhagic stroke onset stratified by severity. (e) Variation in time of day at
hemorrhagic stroke onset stratified by early outcome.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 March 2024

12
Table 6. Top performance models for predicting severity and early outcome of hemorrhagic stroke.

Prediction Predictors AUC F1 Score Sensitivity Specificity p

Individual risk factors (BMI, age, 0,805 0.732807 0.750 0.617 0.30
NIHSS  daytime)

Weather and individual risk factors ~ 0.804 0.875065  0.875 0.892 0.23

Individual risk factors (NIHSS, BMI, 0.805 0.641190 0.667 0.750 0.37

age)

Weather and individual risk factors ~ 0.896 0.915714  0.900 0.975 0.05

Top informative features

NIHSS score at admission 0.797 0.517143  0.500 0.833 0.02

Wind speed difference, 2 day lag 0.621  0.440 0.367 0.900 0.89

Wind speed difference, 1 day lag 0.608 0.437143  0.500 0.617 0.56
mRS

Less informative features

Humidex difference, 1 day lag 0.577 0.463810  0.450 0.683 0.31

Wind speed, 1 day lag 0.545 0.386667  0.383 0.650 0.20

Atmospheric pressure 0.528 0.311032 0.367 0.550 0.78

Temperature difference, 2 day lag 0.502 0.532381  0.583 0.533 0.50

Three top informative features 0.900 0.790952  0.800 0.850 0.13

All significant features 0.950 0.827143  0.833 0.900 0.44

5.3. Early Outcomes of Hemorrhagic Stroke

We also divided the study cohort into two groups according to disability level at discharge as
assessed by mRS. The barplot of Figure 2c shows the BMI, age, and NIHSS score distribution between
mRS groups (< 3 or > 3). We analyzed the relationship between the variance of HS onset and early
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outcomes (Figure 2e). Figure 3c presents the ranked clinicodemographic risk factors according to
impurity-based predictive potential, and Figure 3d ranks the complete list of clinicodemographic and
weather-related predictors. The red dashed line demarcates the significant factors selected for
modeling. We found some separability in BMI and age between patients with different levels of
disability at discharge according to mRS (Figure 2c). The predictive values of all three clinical
variables were roughly equal, although BMI was the most informative (Figure 3c). The separability
between groups was noticeably more evident for NIHSS score at admission, contradicting the feature
selection results. However, the NIHSS score at admission was the top feature in the complete list of
clinicodemographic and weather-related predictors ranked by informative value, while BMI and age
were unimportant features (Figure 3d). The performances of these ML models for predicting the early
stroke outcome from the clinicodemographic risk factors alone and in combination with weather
parameters are shown in Figures 6a and 6b. Figure 7a presents the binary classification accuracy of
models trained on each predictor separately. Figure 7b illustrates the characteristics of the models
based on the most valuable features in comparison to all significant features.
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6. Discussion
6.1. Atmospheric and Individual Risk Factors of HS Incidence
6.1.1. Association of HS Incidence with Weather

The association between meteorological change and HS risk is still debated. In contrast to the
previous studies, we examined daily changes and the mean values of various weather parameters, e.g.,
temperature, AP, RH, WS, and humidex. Our study followed the recommendation of researchers to
consider AT and humidity in combination (33, 34). Furthermore, we conducted advanced
distributed lag nonlinear model analyses to reveal less obvious temporal associations with clinical risk
factors and outcome measures, such as delayed effects of weather on stroke risk.

Association of HS incidence with ambient temperature. Our study showed associations
between HS incidence and average mean changes in temperature, AP, RH, and humidex. Generally,
the lower mean monthly temperature was linked with a higher HS risk: case counts were higher in
colder months. Similar findings were reported by other authors (35, 36). Exposure to cold
temperatures can disrupt normal homeostatic mechanisms and increase heart rate, blood pressure,
platelet count, blood viscosity, serum low-density lipoprotein-cholesterol concentration, and other
cardiac biomarkers, thereby elevating cardiovascular event risk (37, 38). We showed the adverse
effect of low temperatures on ICH incidence, which is consistent with the findings of several previous
studies (18, 20, 31, 39, 40, 41, 42, 43). However, lower or unchanged HS risk was also reported (44). A
possible reason for the inconsistent findings is that the impact of AT on ICH incidence could differ
among age groups (45). The AT-to-ICH association is stronger after 60 years of age compared to 20-
59 years (46). Good compliance with antihypertensive treatment can reduce the risk of ICH associated
with the change in daily mean or maximal AT (47).

Temperature variance. A 1°C day-to-day variation of AT increased ICH risk by 7.5% (48). The
increased ICH incidence is associated with a daily AT decline, especially in patients older than 65 (49).
The SAH risk is associated with a decrease in AT which either occurred on the day of onset or a day
before (50). In particular, the incidence of aneurysmal SAH correlates with lower intraday AT
difference (51) and a decrease in AT below 16°C (52). Our distributed lag nonlinear model analysis
identified differences in lag effects between cold and hot temperature exposure. Similar to Polcaro-
Pichet et al. (53), the effect of low temperatures (below 20°C) was noted immediately, with little effect
a week after the exposure. In contrast, the effect of hot temperatures was delayed, with the highest relative
risk (>3) between two and four days after the weather event. Although our observations on extreme cold
weather were limited due to the temperature range in Al Ain, these findings indicate that extreme heat
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also increases HS risk (Figure 1a). Daily temperature change was not significantly associated with HS
risk. However, a greater relative risk (>10) was found for a substantial temperature difference of -
10°C three days after the weather event. The incidence rate ratio increased in parallel with
temperature change.

Association of HS incidence with atmospheric pressure. Changes in AP affect the homeostatic
regulatory mechanisms of the human body, including blood pressure. Higher systolic and diastolic
blood pressure and more frequent hypertension complications are common during winter, especially
among the elderly (54). Also, AP depends on the temperature, and colder seasons are usually
accompanied by higher and more variable AP values than warmer seasons (55). Moreover, extensive
AP fluctuations and vasoconstriction caused by lower mean temperature may contribute to higher ICH
incidence in winter (56). This was confirmed as we found a positive correlation between monthly
change in AP and HS frequency, which is consistent with previous publications (18, 56, 57, 58). An
increased incidence of SAH correlates with the daily minimum and maximum AP (59) and with the
mean daily variation of AP over 3.9 hPa (60). A rise in the daily mean AP by 1 hPa heightens the ICH
risk by 2.4% (48), and an increase in AP by 11.5 hPa raises the SAH risk by 15% (61). The maximum
daily AP is associated with the SAH onset (52). Contrarily, other authors reported a close association
of the AP decline with the elevated SAH risk (p=0.021) (62). The references listed above reveal
inconsistent findings by different authors. The discrepancy may attribute to the fluctuating effect of
AP and its changes on the ICH incidence. Our research supports this through the distributed lag
nonlinear model. However, our results were contradicting to those of Mukai et al. who reported a strong
association of HS count with daily AP changes (57). In comparison, the association found in our
research was weak (p=0.59). This discrepancy may be related to the unique desert climate of Al Ain
and the smaller AP variation.

Association of HS incidence with humidity. Previous studies on the association between RH
and HS yielded inconsistent results (58, 63). Some of them demonstrated no direct relationship
between them (18, 64, 65, 66, 50, 61). We found a weak positive correlation with the mean monthly
change in RH. We attempted to overcome the shortcomings of the previous studies by examining the effects
of humidex which is strongly associated with the level of discomfort (67). We found that high
humidex values were associated with greater HS risk. Exposure to a very high humidex (49.95°C)
immediately increased the relative risk sixfold (Figure 1b). High temperature combined with high
humidity may slow or stop sweat evaporation, increasing body temperature and inducing heat-
related illness. According to Morris and Patel, extreme heat may also disrupt the function of heat-
shock proteins which are responsible for repairing temperature-related damage to the body (68). This
leads to electrolyte abnormalities (hypernatremia) and more severe conditions (hemorrhage, brain
edema, and permanent brain damage) (68). In a study by Chen et al., the authors resorted to another
temperature-humidity index. They found a high ICH risk on days with alow and moderate index, and
a risk reduction when the index reaches 30.88°C. In the humidex range from 24 to 27 °C, lower
humidity could reverse the protective effect of temperature into a harmful effect (69). The general
consensus is that the AT effect on ICH should be interpreted in conjunction with humidity.

Association of HS incidence with wind speed. The impact of WS on the ICH occurrence is
questionable. From our results, HS incidence is not significantly associated with WS (Figure 1d).
A study by Li et al., supports our findings (58).

Models predicting HS incidence from multiple weather parameters. We showed that the acute
and delayed weather effects may differ. This overcomes the limitations of recent studies that
produced contradictory results because they did not consider the cumulative effects of multiple
weather factors. A research team presented deep-learning-based prediction models trained on 221
meteorological and calendar factors, including daytime of ICH onset. The team reported high
accuracy for the models: 0.714-0.988 AUC (70). Other researchers did not justify their results (71).

6.1.2. Effects of Ethnicity and Sex on HS Incidence

Recent studies reported that ethnicity and sex are risk factors for HS (72, 73, 74, 75), which we
also justified.
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Ethnicity and HS incidence. In our investigation, HS cases were higher among Arabs than
Asians under identical environmental conditions (AT, AP, RH, and humidex). While the effects of
genetics were not assessed (76, 77, 78), we speculate that this disparity partly results from different
dietary practices and other cultural factors. For instance, vitamin D deficiency is common among
Arabs, and it contributes to stroke development (79, 80) by increasing the effect of atmospheric
conditions on HS risk. Alternatively, the Asian population of the UAE is primarily composed of younger
working expatriates who present fewer lifestyle risk factors than the Arabs (81). However, it was
reported that expatriate populations are at higher stroke risk due to socioeconomic challenges, e.g.,
inaccessibility of medical care or reduced adaptability to climatic conditions (82, 83, 84). Some argue
that a genetic predisposition differs among nations (73, 85, 86), but this opinion requires additional
support.

Sex and HS incidence. According to our results, HS was more prevalent in males than females
under the same environmental conditions. In agreement with our findings, other authors reported
that cold-related relative risk for ICH is higher in men (45). Male sex is a risk for non-lobar ICH
rather than lobar ICH (15). From other sources, the male sex also elevates the ICH risk to the same
extent as arterial hypertension and previous stroke with mRS 3-5 (49). In general, females are at a
lower risk of developing stroke (87, 88), potentially due to the cardio- and neuroprotective effects of
female sex hormones. However, the studies had common limitations. They did not consider other
factors associated with the female sex and HS risk, such as migraine with aura, contraceptives or
hormone replacement therapy, genetics, and vitamin D deficiency. These unresolved issues warrant
further research.

6.2. Effect of Clinicodemographic Risk Factors and Weather Parameters on HS Severity

Through modeling analysis, we found that age, BMI, and time of day at HS onset were the
strongest clinical predictors of HS severity (Figure 3a). The results revealed the well-established
associations between disease severity, its outcomes, and the primary individual risk factors such as age
(89, 90), abnormality of body weight (91, 92), and comorbidities.

Age and body weight. Age is well recognized as a strong predictor of in-hospital mortality (89)
and 3-month neurologic disability (90) following HS. Increased BMI is also associated with an
increased risk of ischemic stroke, but, curiously, high BMI was associated with a lower HS incidence
and severity among females (92). Further, researchers concluded that in contrast to age, BMI is not an
independent predictor of SAH or IPH outcome (93, 94). This phenomenon was termed the “obesity
paradox.” Being underweight or obese can serve as predictors of poor outcomes. It was found that
both low and high BMI are associated with deep IPH rather than lobar IPH. This suggests that BMI
plays a role in the vascular pathologies underlying deep IPH rather than in cerebral angiopathy (14).
Underweight patients have almost double the chance of in-hospital mortality and higher rates of such
complications as pneumonia, dysphagia and urinary tract infection. At the same time, obese patients
have higher rates of in-hospital complications, such as hematoma expansion, deep vein thrombosis
and gastrointestinal bleeding (91).

Comorbidities. Researchers investigated clinicodemographic parameters associated with
increased incidence of non-lobar and lobar ICH. They highlighted that diabetes predisposes patients
to non-lobar ICH, while arterial hypertension elevates the risk of both non-lobar and lobar ICH (15).
The current study reported data on the incidence of the most common comorbidities among ICH
patients (Table 3, Figure 3). Future studies are supposed to clarify the input of concomitant disease in
the ICH severity.

Weather parameters. From the results obtained, the atmospheric factors that predict HS with
highest accuracy were not absolute values of humidex, WS, AP, and temperature but their monthly
changes. These results were consistent with previous statistical analysis (31) and justified the use of a
distributed lag nonlinear model in this study. Furthermore, we demonstrated that HS incidence is
affected by air masses, i.e. large volumes of air uniform in temperature and moisture (Figures 5a and
5b, Table 6).
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6.3. Combined Influence of Clinicodemographic Factors and Weather Parameters on Disease Outcome

The models built in the present study accurately classify patients by early outcomes (mild and
moderate vs. severe disability). The advantage of this study is a reliable performance of the prediction
model based on a relatively small number of individual and environmental risks (AUC 0.95).
Previous studies on the same issue either failed to achieve reputable performance (AUC 0.52) (71), or
considered an extensive list of atmospheric factors without revealing personal risks (AUC 0.714-0.988)
(70). The models without clinicodemographic factors are limited to only providing academic value but are
non-applicable to clinical usage. The results of this study justified the critical importance of NIHSS
score at admission for predicting HS outcomes. Other researchers reported similar findings when they
screened 206 clinical variables to identify 22 essential features from a HS dataset (95). This correlates
with the results of our previous study on ML methods to predict ischemic stroke outcomes (13). Our
findings are at odds with a publication which reported that comorbidities influenced in-hospital
mortality and outcome at discharge (89). A possible explanation comes from another study in which
antihypertensive treatment was associated with a reduced risk of recurrent IPH (96). In our cohort,
comorbidities were effectively detected and managed by drug treatment, that is why they might not
have affected HS outcomes.

7. Strength and Limitations

This study identified several atmospheric parameters that influence the incidence rate, severity,
and early outcome of ICH. We addressed the limitations of previous studies by analyzing a complete
set of atmospheric parameters, including AT, RH, humidex, AP, and WS, as well as their changes at
various times preceding HS onset. Our results highlighted the impact of weather changes over several
preceding days on HS incidence compared to known clinicodemographic risk factors such as BMI,
sex, age, and ethnicity.

The present study also has several limitations. First, we were unable to research the effects of
extremely cold temperatures due to the desert climate of Al Ain city. Similar studies should be
conducted in regions with highly variable weather conditions to address the relative effects of extreme
heat and cold. Second, we did not include the full set of environmental parameters that influence
cardiovascular function (e.g., air and water pollution, etc.). A recent study reported an association of
IPH occurrence with air pollution levels (63). The air quality index should be included in future
predictive models of HS.

8. Conclusion

e  This study identified associations between multiple atmospheric parameters on HS incidence,
severity, and early outcome. On average, the risk ratio of HS increases over days following a
significant rise or drop in AT, humidex or AP. The risk may remain elevated throughout the
adjustment to the environmental change. Humidex was a stronger predictor than AT,
indicating that temperature and humidity should be considered together. For accurate
predictions, it is crucial to analyze the full range of meteorological data over several
preceding days in combination. These associations may provide clues to the
pathophysiological mechanisms triggering HS.

e In predicting HS severity, the strongest clinicodemographic were BMI, age, and daytime at
onset. These factors outperformed atmospheric parameters.

e In prognosticating the level of disability at discharge, the top informative factor was NIHSS score
at admission.

e  Atmospheric conditions should be included in stroke prediction applications. The weather-

dependent risk stratification models may help stroke units to operate more effectively.
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