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Abstract

Background Reported data regarding the relation between the incidence of spontaneous subarachnoid hemorrhage (SAH) and
weather conditions are conflicting and do so far not allow prognostic models.

Methods Admissions for spontaneous SAH (ICD 160.*) 2009-2018 were retrieved form our hospital data base. Historical
meteorological data for the nearest meteorological station, Diisseldorf Airport, was retrieved from the archive of the Deutsche
Wetterdienst (DWD). Airport is in the center of our catchment area with a diameter of approximately 100 km. Pearson correlation
matrix between mean daily meteorological variables and the daily admissions of one or more patients with subarachnoid
hemorrhage was calculated and further analysis was done using deep learning algorithms.

Results For the 10-year period from January 1, 2009 until December 31, 2018, a total of 1569 patients with SAH were admitted.
No SAH was admitted on 2400 days (65.7%), 1 SAH on 979 days (26.7%), 2 cases on 233 days (6.4%), 3 SAH on 37 days
(1.0%), 4 in 2 days (0.05%), and 5 cases on 1 day (0.03%). Pearson correlation matrix suggested a weak positive correlation of
admissions for SAH with precipitation on the previous day and weak inverse relations with the actual mean daily temperature and
the temperature change from the previous days, and weak inverse correlations with barometric pressure on the index day and the
day before. Clustering with admission of multiple SAH on a given day followed a Poisson distribution and was therefore
coincidental. The deep learning algorithms achieved an area under curve (AUC) score of approximately 52%. The small
difference from 50% appears to reflect the size of the meteorological impact.

Conclusion Although in our data set a weak correlation of the probability to admit one or more cases of SAH with meteorological
conditions was present during the analyzed time period, no helpful prognostic model could be deduced with current state machine
learning methods. The meteorological influence on the admission of SAH appeared to be in the range of only a few percent
compared with random or unknown factors.
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Table 1 Abbreviations and

definitions of meteorological Abbreviation

Definition

variables used
Temp. DO

Temp. (D-1)
TDO-(TD-2)
TDO-(TD-3)
QNH-1000
QNHDO-(QNHD-1)
QNHDO-(QNHD-2)
QNHDO-(QNHD-3)
Precip. DO

Precip. D-1

Mean temperature on index day (°C)

Mean temperature on previous day (°C)

Temperature difference from 2 days before (°C)
Temperature difference from 3 days before (°C)

Scaled barometric pressure (hPa)

Barometric pressure difference from day before (hPa)
Barometric pressure difference from 2 days before (hPa)
Barometric pressure difference from 3 days before (hPa)
Precipitation on index day (/m?)

Precipitation on previous day (I/m?)

Background

Subarachnoid hemorrhage is commonly felt to be admitted in
clusters. The suspicion that external factors might play a role
has been maintained for decades [30]. More specifically, me-
teorological variables have been suspected to contribute to
rupture of brain aneurysms. The influence of weekday, moon
phase, or major public events has been occasionally consid-
ered [15]. Regarding meteorological factors, reports from var-
ious locations appear to be conflicting and so far, no accepted
consensus has been achieved regarding whether meteorologi-
cal and seasonal factors play a role, and what they might be.

From our climatic zone, two published analyses emerged
some decade ago: one from Frankfurt and one from Dusseldorf
[5, 32]. The authors of the Frankfurt report concluded that atmo-
spheric pressure change of more than 10 hPa within 24 h is an
independent predictor of clustering of patients with SAH and that
arterial hypertension is an independent risk factor for the occur-
rence of SAH at change days [32]. The report from Diisseldorf
found a peak incidence of aneurysmal SAH during the month of
April, but no influence of short-term weather fluctuations on the
incidence of aneurysmal SAH [5].

The actual reanalysis was motivated by two factors: first,
the climatic change, which may render formerly discreet pat-
terns more pronounced and second, the advent of machine
learning and more refined statistical tools to identify patterns.

In the current analysis, we followed a pragmatic concept, in
that we studied the number of admissions for SAH, with the
concept in mind to develop a prognostic tool, ideally allowing
to allocate the necessary workforce; i.c., can we identify a very
low risk meteorological condition so that we can spare the

necessary vascular on-call service. Therefore, we focused on
the admissions of SAH rather than the time of occurrence of
the hemorrhage, which usually is identical with our referral
pattern.

Methods
Data collection

On May 6, 2019, hospital admissions for the admissions dates for
the admission diagnosis 160.* (all subarachnoid hemorrhage)
from January 1, 2009 until December 31, 2018 were retrieved
from our hospital administration system. Historical meteorolog-
ical data for the nearest meteorological station, Diisseldorf
Airport, was retrieved for the same time segment, January 1,
2009 until December 31, 2018, from the download archive of
the Deutsche Wetterdienst (DWD, https://www.dwd.de/DE/
leistungen/klimadatendeutschland/klarchivstunden.html).
Average daily temperature (T DO0), barometric pressure (QNH
DO0), and precipitation (Precip. D0), and also from the
preceding days, were selected as primary parameters (Table 1).
The differences of temperature from the previous days (T DO —
(T D-1), TO — (T D-2), TO — T (D-3)) and of the barometric
pressure (QNH DO — QNH D-1) were calculated as secondary
parameters.

Data analysis

Data analysis and graphical work was done using open source
Python and the included MatPlotlib module (https://www.

Table 2 Meteorological key
parameters during the 2 study

Jan. 2003—June 2005 (Dec. 2005) Jan. 2009-Dec. 2018

periods
Temperature (mean =+ SD)

QNH — 1000 (mean + SD)
Precipitation (mean = SD)

10.69 +7.06 (11.00 = 7.02) 11.12 £ 6.85
12.07 + 8.61 (12.08 + 8.66) 11.01 +8.85
1.85 +£4.00 (1.85 +3.98) 1.93 £4.08
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Fig. 1 Histograms of the distribution of the meteorological key parameters and the admission of one or more SAH cases. A total of 1569 patients with
SAH were admitted during the 10-year period. No SAH was admitted on 2400 days and one or more cases on 1252 days

python.org). A Pearson correlation matrix of the retrieved  algorithm of the scikit-learn platform (https://scikit-learn.org/
meteorological factors and admission for SAH was stable/) [4, 12, 29]. The LRC algorithm was chosen, because it
calculated, and the 8 most correlated values with SAH  compared favorably with other sample tested tools, such as K-
admissions were selected for further evaluation. Neighbors Classifier (KNN), Gaussian NB (NB), Support
The data set was split 80 to 20% as training and testing set. Vector Classifier (SVC), Linear SVC (LSVC), Random
Prior to further analysis, the training data set was corrected for ~ Forest Classifier (RFC), Decision Tree Regressor (DTR),
imbalance of the two classes “No SAH” and “One or more  and bootstrapped Bagging Classifier (BAG).
SAH” by Synthetic Minority Over-sampling Technique The accuracy of the models was calculated upon the correct
(SMOTE) [8]. prediction for the days of the test set, regarding the admission
A deep learning neuronal network based on open sourced  of one or more patients with the diagnosis SAH. Stability of
TensorFlow software was used for analysis and prediction  the predictions was assessed with k-fold cross validation.
(https://www.tensorflow.org). Following preliminary testing  Calibration curves were calculated relating the predicted prob-
with several network architectures, we chose a feedforward  abilities to the fraction of positives. Finally, prognostications
network (FFN) including one hidden layer with 12 neurons  for putative meteorological data were generated by the two
and an output layer consisting of a single neuron for the  algorithms and compared.
Boolean output function (admission of one or more SAH cases
on that day, yes (1) or no (0)) [6, 12]. Keras” Adam optimizer was
chosen with default parameters, i.e., learning rate 0.001, and Results
dropout with a value of 0.2 was used to prevent overfitting [33].
For comparison, predictive accuracy was also evaluated  Compared with the period of our previous analysis 2003-2005,
with help of the a Logistic Regression Classifier (LRC)  the climatic conditions in the Diisseldorf area changed only
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Table 3  Clustering of SAH daily admissions and stochastic simulation
with a Poisson distribution and an expected Lambda value of 0.43 SAH
per day

Number of admissions 0 1 2 3 4 5
Real admissions 20092018 2400 979 233 37 2 1
Poisson simulation 1 2384 1000 230 33 5 0
Poisson simulation 2 2415 986 209 38 4 0
Poisson simulation 3 2401 987 233 27 4 0
Poisson simulation 4 2337 1048 230 32 5 0
Poisson simulation 5 2340 1035 242 33 1 1

modestly and without statistical significance (see Table 2).
Temperature was higher by 0.4 °C during the second period,
which might be explained by the fact that the first period included
only the first half of the year 2005. Descriptive weather analysis
for the 10-year period confirmed the mild climate in the
Diisseldorf area with limited temperature spread (Fig. 1).

For the 10-year period from January 1, 2009 until December
31, 2018, a total of 1569 patients with SAH were admitted. No

a)Temp DO -

b)Temp D-1 -

c)TDO-(TD-2)

d)TDO-(TD-3)

e)QNH-1000

fJQNHDO-(QD-1)

g)Precip DO

h)Precip D-1

i)SAH admitted

a)Temp DO
b)Temp D-1
c)TDO-(TD-2)
d)TDO-(TD-3)

Fig. 2 Heatmap of Pearson correlation factors between the
meteorological variables and admission of patients after SAH. Pearson
correlation matrix suggested a weak positive correlation of admissions for
SAH with precipitation on the previous day and weak inverse relations
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SAH was admitted on 2400 days (65.7%), 1 SAH on 979 days
(26.7%), 2 cases on 233 days (6.4%), 3 SAH on 37 days (1.0%),
4 in 2 days (0.05%), and 5 cases on 1 day (0.03%). The distri-
bution corresponded to a Poisson distribution with a Lambda
value of 0.43 SAH per day (https://en.wikipedia.org/wiki/
Poisson_distribution). The stochastic simulation with the
Poisson distribution is given in Table 3.

Pearson’s correlation matrix suggested a weak positive cor-
relation of admissions for SAH with precipitation on the pre-
vious day, and weak inverse relations with the actual mean
daily temperature, the temperature change from the previous
days, and with barometric pressure on the index day and the
day before (Figs. 2 and 3).

The deep learning algorithm with the feedforward network
achieved a predictive accuracy of 53%. For comparison, anal-
ysis using the Logistic Regression Classifier (LRC) achieved a
predictive accuracy of 62%. The mean area under curve
(AUC) score for both models was 52%. Standard deviation
ofthe AUC sore with k-fold cross validation was + 2% for the
FFN and + 6% for the LRC. The detailed metrics are given in
Table 4 and the calibration curves in Fig. 4.
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with the actual mean daily temperature and the temperature change from
the previous days, and weak inverse correlations with barometric pressure
on the index day and the day before
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Fig. 3 3-D scatterplot illustrating
the relation between the
temperature increase over 2 days,
precipitation on the previous day,
scaled barometric pressure, and
the admissions for SAH. Blue
dots represent day without
admissions and red dots show
days with one or more admissions
for SAH

The two models made corresponding prognostications for
the seven of nine putative meteorological constellations and
discordant prognostications for two (Table 5).

Discussion

Meteorological factors for the occurrence of SAH have been
suspected for more than 30 years [30] and several reports
addressed the issue over the last decades. Apart from a sea-
sonal variation with a peak in spring and fall, which is ac-
knowledged by most analyses from various climatic zones,
results regarding potential meteorological variables influenc-
ing SAH disagreed widely. Colder temperatures, higher or
lower humidity, high or low barometric pressure, or changing
barometric pressure have been suspected [1-3, 7, 13-23,
25-28, 32-37]. In some reports, different correlations were
seen for women and men [9]. Our former analysis from the

Precip. D-1

greater Diisseldorf area published in 2006 as well as several
particularly of the more recent reports denies relevant meteo-
rological factors for the occurrence of SAH [5, 10, 11, 24, 31].

The potential interaction of weather and the occurrence of
SAH may be complex and be mediated by the activity level in
the population, which is obviously dependent on meteorological
conditions. The rationale to study the correlation of weather con-
ditions and the incidence of SAH in the greater Diisseldorf area
again was based mainly on the hope that the newer analytics
methods; i.e., machine learning using deep neural networks
might identify so far occult complex interactions between mete-
orological variables.

Our results confirmed some weak correlation between mete-
orological variables and the probability of admission of patients
with SAH, but random factors dominate. The accuracy of the
algorithms achieved values of only 53% and 62%, which is not
much better than flipping a coin. Although we have to admit that
these values do not allow clinically relevant prognostication, the

Table 4 Metrics of the two

models on the test data set N Fp Accuracy AUC Precision (specificity) Recall (sensitivity) F1
FN TP
FFN 268 223 0.53 0.52 0.36 0.51 0.42
117 123
LRC 415 76 0.62 0.52 0.33 0.16 0.22
202 38

TN, true negative; TP, true positive; FN, false negative; FP, false positive; accuracy = (TP + TN)/all); AUC, area
under curve; precision = TP/(TP + FP), recall = TP(TP + FN), F1 = 2 x ((precision x recall)/(precision + recall))
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Fig. 4 Calibration curves of the two models (upper graph) on the test data set and histograms of predicted values (lower graph). Predictions appear

somewhat erratic and center around 0.5 with both models

result is interesting from the theoretical point of view. The 3 to
12% gain over just flipping a coin is likely to correspond to the
size of the meteorological influence on the occurrence of SAH,
or in other words, the importance of meteorological factors for
the occurrence of SAH is 3—12%, while the rest is just random or
due to other unknown factors. The AUC scores of all models of
both models were 52%, suggesting that meteorological influ-
ences can be made responsible for some 2%.

Our correlation analysis identified a weak positive correla-
tion of admission for SAH with precipitation on the previous

@ Springer

day, and weak inverse associations with the actual mean daily
temperature and the temperature change from the previous
days, and with barometric pressure on the index day and the
day before. In other words, higher and increasing temperature
and higher barometric pressure appear to protect against SAH
and on the other hand, colder and decreasing temperature and
rain on the previous day appear to increase the risk.
Comparing this result of other reports from our neighbor cit-
ies, we see a contrast to the report from Frankfurt published in
2006, where atmospheric pressure change within the previous
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Table 5 Hypothetical meteorological values and the modeled prognostication of the chance to admit one or more patients with SAH at the University

Hospital Diisseldorf

Temp. DO Temp. D-1

TDO-(TD-2) TDO-(TD-3) QNH-/000 QNHDO-(QNHD-1) Precip. DO Precip. D-1 Prediction FFN Prediction LRC

40 40 - 10 -20 40 -20
30 30 - 10 -20 30 -20
20 20 3 5 20 0
25 8 18 9 20 10
-5 - 14 -8 -9 20 15

0 -20 -5 -9 20 5

30 25 9 12 13 0

15 1 3 5 -3 0
35 5 8 9 20 0

0 0 Yes No
0 0 Yes No
0 0 No No
0 0 No No
30 20 Yes Yes
20 40 Yes Yes
0 0 No No

Yes Yes

No No

24 h was identified as the main meteorological risk factor [32].
The absolute value of barometric pressure was more relevant
in our analysis than the change. A recent analysis by Herten
and coauthors of the University Hospital Essen found that
days with preceding 5-day mean temperature below 0 °C
had a significantly higher rate of SAH and days with mean
temperature above 22 °C had a significantly lower rate of
aneurysmal SAH than average [15]. Considering the some-
what different approach to data selection, the association of
SAH with colder temperature is in line with our current
results.

In addition to meteorological respectively seasonal
factors, Herten and coauthors also analyzed circaseptan
influences and they found the highest frequency on
Sundays and the lowest on Wednesdays. We had previ-
ously reported a diurnal rhythm of SAH incidence with
two peaks during morning and in the evening, and a
statistically significant nadir during forenoon and mid-
day was evident [5]. These reports again suggest that
the general activity level in the population is an impor-
tant factor. The activity level is partly related to the
weather, but the interaction is complex. For example,
our finding that precipitation on the previous day is
more important than precipitation on the day of hemor-
rhage itself may also be related to increased activity
level after a rainy day.

As the number of apples falling from a tree during a storm
in fall obviously depends on the number and ripeness of the
apples on the tree, which means on the quality of the previous
summer, the incidence of SAH depends certainly not only on
specific triggering events but also on the proceeding timeline.
These timelines are difficult to grasp statistically and are there-
fore usually reduced to a few key values, such as average
temperature during the previous week. So far, according to
our knowledge, no analysis has been made about external
factors for the incidence of SAH that included meteorological
factors over a longer timeline than a few days before

admission. The situation is further complicated by the fact that
the longer the delay between course and effect, the more the
effect spreads over several days. For example, a drop in tem-
perature over one, two, three, or even more days appears to be
important for the occurrence of SAH. It is quite possible that
the difference from the previous week is more important than
from the previous day. However, after 1 week, any effect
spreads over a few days. We found that the effect of the dif-
ference TDO-(TD-2) was most pronounced.

In summary, although our results confirmed a weak correla-
tion between admissions for SAH, even deep neural networks
appear unable to produce a useful prognostic model. Therefore,
we need to continue to keep the necessary services available
constantly. However, the actual analysis allowed to appreciate
the size of the meteorological influence on the occurrence of
SAH.

Conclusion

Although a weak positive correlation of the probability to
admit one or more cases of SAH, with precipitation on the
previous day and weak inverse relations with the actual mean
daily temperature and the temperature change from the previ-
ous days, and with barometric pressure on the index day and
the day before were present in the analyzed time period, no
helpful prognostic model could be deduced with current state
machine learning methods. The size of the meteorological
influence for the occurrence of SAH appears to account for
only a few percent, while chance of admission of one or more
patients with SAH is mainly random or due to unknown
factors.
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Comments

Congratulations on this elegant approach to demystify the effect of
meteorological variables on the frequency of aneurysm rupture. The
approximation of 3-12% impact from weather per se on a SAH is
fascinating, though not surprising. Their findings concur with reports
on the relation of meteorological factors on daily admissions of type A
aortic dissections, abdominal aortic aneurysm rupture and acute
myocardial infarction. The findings in this article suggest a common
background factor which very well may be blood pressure levels.
Blood pressure elevation is a common risk factor for all these vascular
emergencies and the known chronobiological circardian and seasonal
variations in blood pressure seem to coincide with the respective
admission rates.
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