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BACKGROUND AND PURPOSE: Previous studies have suggested seasonal variations in rates of spon-
taneous rupture of intracranial aneurysms, leading to potentially devastating SAH. In an effort to
identify a seasonal effect, variation in SAH incidence and in-hospital mortality rates were examined as
they relate to admission month, temperature, and climate using HCUP’s Nationwide Inpatient Sample.

MATERIALS AND METHODS: Cases of nontraumatic SAH and subsequent in-hospital mortality were
extracted from the 2001–2008 NIS and associated with month of occurrence, local average monthly
temperatures, and USDA climate zone. Multivariate regression analysis was used to study how
admission month, temperature, and climate affected SAH admission and mortality rates.

RESULTS: Among 57,663,486 hospital admissions from the 2001–2008 NIS, 52,379 cases of sponta-
neous SAH (ICD-9-CM 430) and 13,272 cases of subsequent in-hospital mortality were identified. SAH
incidence and in-hospital mortality rates were not significantly correlated with a monthly/seasonal
effect (incidence, �2 � 2.94, P � .99; mortality, �2 � 6.91, P � .81). However, SAH incidence
significantly varied with climate (P � .0001, zones 11 and 7) but not with temperature (P � .1453),
whereas average monthly temperature and climate had no significant correlation with in-hospital
mortality (temperature, P � .3005; climate, P � .0863).

CONCLUSIONS: We identified no significant monthly or temperature-related effect in the incidence of
SAH. Our data suggest that certain climate zones within the United States may be associated with
significantly different SAH incidence, but the origins of these differences remain unclear and are
probably unrelated to meteorologic variables.

ABBREVIATIONS: HCUP � Healthcare Cost and Utilization Project; NIS � Nationwide Inpatient
Sample; REML � restricted maximum likelihood; RR � relative rate; USDA � U.S. Department of
Agriculture; VIF � variance inflation factor

The incidence of SAH has been widely reported to vary sea-
sonally due to changes in temperature, barometric pres-

sure, and other weather-related phenomena.1-25 Circadian
and seasonal variations in blood pressure, infection frequency,
ethanol and tobacco use, and sedentary behavior, in addition
to alteration in blood pressure after strenuous exertion in
colder climates, have all been proposed as mechanisms to ex-
plain seasonal variation in SAH.26-39 Despite these well-estab-
lished effects, the seasonal effects reported by some groups
have not always been consistent with respect to timing, and
other studies have failed to demonstrate any seasonal relation-
ship.23,24,37-42 Thus, there remains no consensus regarding the
influence of season and/or weather on the incidence rate of
SAH. To adequately address this question of seasonal varia-
tion, a data base including a large number of hospital admis-
sions is necessary. The HCUP’s Nationwide Inpatient Sample
is such a data base and represents approximately 20% of the
yearly nonfederal hospitalizations in the United States. As the
NIS is currently collected from 42 states, it is possible to sam-
ple the entire range of climates found within the complex geo-

graphic landscape of the United States. Because climate re-
gions are uniquely defined by meteorologic characteristics
proposed to play a role in the seasonal incidence of SAH
(temperature, atmospheric pressure, wind, rainfall, and par-
ticulate counts), we incorporated climate data into the NIS
dataset to determine whether seasonal and/or meteorologic
factors, including month, temperature, and/or climate zone,
impact the incidence of SAH admissions and in-hospital
mortality.

Materials and Methods

Data Acquisition
All SAH admissions (ICD-9-CM code 430) records were extracted

from the 2001–2008 NIS hospital discharge data base (HCUP, Agency

for Healthcare Research and Quality, Rockville, Maryland).43 Trau-

matic events (ICD-9-CM 800 – 805, 958.2) associated with SAH hos-

pitalizations were excluded to avoid confounding effects. For all re-

cords meeting these inclusion and exclusion criteria, admission (year,

month, and state), patient (age, sex, mortality during hospitaliza-

tion), and hospital (hospital bed size [large, medium, small], teaching

status [teaching versus nonteaching], address, zip code, location [ur-

ban versus rural], and NIS hospital identifier code) variables were

extracted from the 2000 –2008 NIS dataset.44 Patient age was divided

into 10-year interval strata ranging from 1 (0 –10 years of age) to 11

(�100 years of age). Average monthly temperatures were acquired

from the National Oceanographic and Atmospheric Administration

for each unique hospital ID zip code and stratified in 10-degree incre-
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ments (�30°F, 30 –39°F, 40 – 49°F, 50 –59°F, 60 – 69°F, 70 –79°F,

�80°F).45 In addition, the local climate of each hospital was deter-

mined using USDA plant hardiness zone definitions. These discrete

zones, originally conceived by the USDA to better delineate vegeta-

tion zones, divide the North American continent and Hawaii into 11

regions based on 10°F intervals in the average annual minimum tem-

peratures and serve as a surrogate of the various climates that exist

within the United States (Fig 1). These data, obtained from the USDA,

were assigned to the NIS data by matching individual hospital ID zip

codes to their respective hardiness zone, and were subdivided into

USDA zones 3–11.46-48 Zones 1 and 2 were not included in this anal-

ysis, as they represent climate zones/geographic areas that lack hospi-

tals participating in the NIS or represent regions outside of the United

States. As these climate zones define the unique seasonal patterns in

temperature and other meteorologic variables, they provide a com-

plementary means of investigating the effects of season and climate on

the incidence of SAH. Admission counts of SAH, in-hospital mortal-

ity counts, and total admission counts were determined for each com-

bination of admission month, hospital ID, and USDA zone, average

monthly temperature, age stratum, and sex.

Statistical Analysis
All extraction and manipulation of NIS data and subsequent statisti-

cal analyses were performed using commercial software (JMP, ver-

sion 9; SAS, version 9.3; SAS Institute, Cary, North Carolina). Predic-

tors of SAH incidence and SAH in-hospital mortality incidence were

identified with Poisson-distributed generalized linear regression

models, using a log-linkage function offset by the log of total admis-

sion counts for each month to control for differences in admission

rates between hospitals. Predictor variables included in these models

were admission month, average monthly temperature during the

month of admission, USDA climate zone of the admitting hospital,

patient age, patient sex, and hospital bed size. Estimated coefficients

for each predictor variable were analyzed for significance using the

Wald �2 test. Regression coefficients were transformed to reflect the

RR difference in response between the tested and fixed variable using

the exponential transformation, y � ex. Correction for overdispersion

with a weighting factor � (Pearson �2/degrees of freedom) was used to

scale parameter estimates and errors to conform to Poisson-distribu-

tion assumptions.

For each effect variable (SAH incidence and SAH in-hospital mor-

tality incidence), separate models were constructed to study their re-

lation with admission month or temperature/climate. Admission

month regression models were unadjusted for other predictor vari-

ables, whereas temperature/climate zone models were adjusted for

differences in age, sex, and hospital bed size (large versus medium and

small). The primary sampling unit of the temperature/climate zone

models was the NIS Hospital ID code, sorted by other included pre-

Fig 1. USDA hardiness zone map. Used with permission from the Arbor Day Foundation (http://www.arborday.org/media/zones.cfm).

1664 McDonald � AJNR 33 � October 2012 � www.ajnr.org



dictor variables. The impact of clustered data on unequal sampling of

the hospitals within the NIS on the observed variance of the effect

variable was estimated with the REML method, using a random-

effects model assigned to each unique hospital identifier. The impact

of colinearity of temperature and USDA zone on the model results

was assessed using the VIF; values below 10 were suggestive of non-

significant colinearity, while values above 10 were suggestive of sig-

nificant colinearity.

Results

Demographic Data
From 2001 to 2008, the NIS recorded 52,896 cases of SAH
from 57,663,486 total hospital admissions, representing
0.092% of all recorded hospitalizations. Among these non-
traumatic SAH admissions, 13,272 (25.1%) patients died dur-
ing their initial hospitalization. In total, these SAH admis-
sions were recorded by 2435 hospitals, spread across 20
states and representing USDA zones 3–11. The frequencies
of SAH admissions, SAH in-hospital mortality, and charac-
teristics of the hospitals responsible for SAH admissions,
sorted by USDA climate zone, are shown in Table 1. Signif-
icant differences were seen across USDA zones with regard
to the frequency of SAH deaths (�2 � 16.7, P � .0195),
hospital location (�2 � 169.6, P � .0001), hospital bed size

(�2 � 15.3, P � .0001), and hospital teaching status (�2 �
32.2, P � .0001).

Effect of Month on SAH Incidence Rates and In-Hospital
Mortality Rates
Regression analysis failed to demonstrate a significant rela-
tionship between SAH admission rates and month ([SAH fre-
quency: Month] �2 � 2.94, df � 11, P � .9914). These results,
shown in Fig 2A, revealed insignificant month-to-month vari-
ation of between 2%– 8% from January, the reference month
held constant in the regression model. No significant increases
in SAH rates were observed to suggest the presence of seasonal
periodicity of SAH incidence.

Because in-hospital mortality presumably represents the
most severe cases of SAH, we decided to investigate whether
these events were uniquely associated with seasonal effects.
Regression analysis used to study how SAH admission rates
varied with month failed to demonstrate a significant effect
([SAH deaths: Month] �2 � 6.911, df � 11, P � .8062). These
results, shown in Fig 2B, revealed insignificant month-to-
month variation compared with the reference month of Janu-
ary. As before, no significant increase in SAH in-hospital mor-
tality rates was observed in a pattern that might be suggestive
of a seasonal effect.

Fig 2. Monthly stratified relative rates of (A ) admission frequency and (B ) in-hospital mortality after admission for SAH. Relative rates of SAH admission and in-hospital mortality, stratified
by month, were determined from regression models. RRs greater than 1.0 suggest that the event (admission or death) is more likely to occur relative to the reference month (Jan), whereas
RRs less than 1.0 suggest the event is less likely to occur relative to the reference month. Significant differences relative to the reference month are represented by an asterisk (*).

Table 1: Distribution of SAH admissions, deaths, and hospital characteristics by USDA zone

Zone
Hospitals

(n)
Admissions

(n)
Deaths
(n [%])

Hospital Characteristics by Admission Countsa

Teaching
(n [%])b

Large
(n [%])c

Urban
(n [%])d

3 8 266 64 (24.1) 255 (95.9) 184 (69.2) 259 (97.4)
4 118 1656 378 (22.8) 1219 (73.6) 1028 (62.1) 1458 (88.0)
5 374 6967 1737 (25.0) 5079 (72.9) 4973 (71.4) 6339 (90.9)
6 671 13,251 3429 (25.9) 10,416 (78.6) 10,385 (78.4) 12,653 (95.5)
7 414 9829 2517 (25.6) 7619 (77.5) 7388 (75.2) 9338 (95.0)
8 351 8677 2126 (24.5) 5356 (61.7) 6711 (77.4) 8328 (96.0)
9 368 7971 2008 (25.2) 4598 (57.8) 5633 (70.8) 7769 (97.6)
10 131 4087 1013 (24.8) 2372 (58.0) 3270 (80.0) 4061 (99.5)
11 16 192 57 (29.7) 106 (55.2) 72 (37.5) 158 (82.2)
a Among hospitals with recorded SAH admissions.
b Compared with nonteaching hospitals.
c Compared with small and medium-sized hospitals.
d Compared with rural hospital locations.
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Multivariate Regression Model Results: The Effect of
Temperature and Climate on SAH Incidence and
In-Hospital Mortality Rates
After adjusting for other predictor variables, multivariate re-
gression analysis showed that the incidence of SAH was insen-
sitive to average temperature (Table 2, P � .1453; Fig 3A) and
only modestly affected by climate region (Table 2, P � .0009;
Fig 3C). Relative to zone 3, the frequency of SAH admissions
was significantly lower in zone 11 and significantly higher in
zone 7, and these differences amount to a 20% difference in
the SAH incidence rate. Admission frequencies were not sig-
nificantly different between other climate zones. Female sex,

large hospital size, and urban hospital location were associated
with increased SAH (Table 2). Hospital teaching status was the
most strongly predictive variable of SAH admission in this
model (Table 2; RR � 1.25 (1.20 –1.32), P � .0001). Intraclass
correlations of hospital admission data were found to contrib-
ute modestly to the total observed variance of SAH admissions
(9.1%). Minimal predictor variable colinearity was observed
in this model (VIF range, 1.01–5.34).

Similar multivariate analysis revealed that the in-hospital
mortality rate after admission for SAH was not affected by
temperature (Table 2, P � .3005; Fig 3B) or climate zone
(Table 2, P � .0863; Fig 3D). Increasing age and nonteaching

Table 2: Effects of climate, patient demographics, and hospital characteristics on the incidence of SAH and SAH-related mortality

Variable

SAH Incidence Model
(�2 � 3483, df � 20, P � .0001)

SAH Death Model
(�2 � 896, df � 20, P � .0001)

RRb P value RRb P value
Temperature stratum (df � 6)c see Figure 3A .1453 see Figure 3B .3005
USDA zone (df � 8)c see Figure 3c a .0009a see Figure 3D .0863
Age (df � 1)d 0.99 (0.98–1.01) .5787 1.18 (1.16–1.19)a �.0001a

Female gender (df � 1)e 1.03 (1.01–1.06)a .0375a 1.01 (0.98–1.03) .5579
Teaching hospitals (df � 1)f 1.25 (1.20–1.32)a �.0001a 0.90 (0.85–0.97)a �.0001a

Large hospital bed size (df � 1)g 1.07 (1.02–1.11)a .0017a 0.99 (0.94–1.01) .1124
Urban location (df � 1)h 1.09 (1.04–1.15)a .0003a 0.97 (0.92–1.02) .1358
a Indicates significant effects.
b RR with 95% confidence interval as defined in Materials and Methods.
c See Materials and Methods for a description of stratifications and groupings.
d Change in RR for every 10-year increase in age.
e Compared to males.
f Compared with nonteaching hospitals.
g Compared with small and medium-sized hospitals.
h Compared with rural hospital locations.

Fig 3. Temperature (A, C ) and climate (B, D ) stratified relative rates for (A, B ) admission frequency and (D, E ) in-hospital mortality after admission for SAH. Relative rates of SAH admission
and in-hospital mortality, stratified by temperature and climate, were determined from regression models. RRs greater than 1.0 suggest that the event (admission or death) is more likely
to occur relative to the reference variable (temperature strata [�30°F]; climate strata [USDA zone 3]), whereas RRs less than 1.0 suggest the event is less likely to occur relative to the
reference variable. Significant differences relative to the reference temperature stratum or zone are represented by an asterisk (*).
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hospitals were both strongly predictive of greater SAH deaths
(Table 2; age [per 10-year increment]: RR � 1.18 (1.16 –1.19),
P � .0001; teaching hospitals: RR � 0.90 (0.85– 0.97), P �
.0001). No other predictor variables were significantly associ-
ated with SAH mortality. In this model, intraclass correlation
of hospital admission data were found to contribute only min-
imally to the total observed variance of SAH mortality (4.4%).
Minimal predictor variable colinearity was observed in the
SAH death model (VIF range, 1.00 –5.38).

Discussion
The results of this retrospective review of the Nationwide In-
patient Sample provide robust evidence for the lack of sea-
sonal variation on admission and in-hospital mortality rates
for spontaneous SAH. Our data suggest that climate, but not
average monthly temperature, may weakly play a role in the
frequency of SAH incidence, yet sporadically, without strong
association or trends with other meteorologic variables. Fi-
nally, in-hospital mortality rates after SAH admission did not
significantly vary with changes in average monthly tempera-
ture or climate zone.

Our data reveal that SAH incidence frequencies, after ad-
justment for patient demographics and hospital characteris-
tics, remain weakly associated with climate zone. However,
these changes represent fairly modest deviations in the ob-
served rates of SAH incidence and mortality across the sam-
pled US population. Further, these deviations in the data do
not manifest in a systematic pattern that would be expected if
SAH had a meaningful association with climate. Such a pat-
tern would be expected to present as a linear trend with cli-
mate zone. The origins of these zone-dependent effects, un-
fortunately, are beyond the scope of this study. Given the
heterogeneous demographic distributions across the United
States, it remains possible that the observed zone-dependent
effect results from demographic nonuniformity in 1 or more
SAH risk factors.32,49 Finally, these zone effects could be a
result of biased sampling of hospital types intrinsic to the NIS
dataset.

Recently, Cowperthwaite and Burnett39 also failed to iden-
tify an influence of short- and long-term variation in weather,
including daily temperature, barometric pressure, and hu-
midity, with SAH volumes within a group of 155 hospitals
comprising 7758 SAH admissions. Our current analysis com-
plements these previous findings by generalizing them to a
larger dataset obtained from a broader range of climates and
temperatures found within the complex geographic landscape
of the United States.

The cause for the lack of consensus among previous studies
is probably a function of several phenomena. First, it has been
suggested that reports of seasonal patterns are simply a mani-
festation of referral bias.37 Second, several of the well-estab-
lished risk factors for SAH, including hypertension, tobacco
use, and ethnicity, are variably expressed in different regions
of the United States, and such factors could confound the
results of studies conducted in more isolated geographic
zones.49 Third, the conclusions of many previous studies were
drawn from significantly smaller sample sizes for shorter pe-
riods of time, and these sampling limits could easily introduce
bias, making it difficult to assign significance to changes ob-
served in SAH frequencies. Fourth, as pointed out by Cow-

perthwaite and Burnett,37 many weather variables are highly
colinear and thus it is very difficult to extricate their individual
effects without confounding the results.39

This study has several limitations related to the utilization
of an extremely large retrospective data base with a predefined
data structure. First, as the NIS is insensitive to mortality
events taking place before hospital admission, patient mortal-
ity in the home and in the emergency department setting are
not captured in our analysis. Second, our retrospective study
design was limited to the resolution of the dataset, and thus
daily changes in weather patterns were beyond the predefined
sensitivity of the dataset. Third, coding errors are a well-estab-
lished limitation of such data sources and have been shown to
exist within the NIS data.50 Fortunately, it has been suggested
that such errors follow a random distribution and do not man-
ifest in a systemic fashion, and thus are unlikely to impact the
statistical results because they are diluted within the enormous
size of the NIS dataset. Finally, the predefined data limits of the
NIS prevent us from ascertaining causal relationships and out-
comes after hospitalization that may better explain observed
effects in statistical regression models.

Conclusions
Our findings suggest that season, temperature, and climate are
not significant risk factors for the development of SAH or
SAH-related mortality, as they fail to demonstrate periodic or
linear trends with these proposed risk factors. A few sporadic
differences in SAH incidence and mortality frequencies were
observed, but these differences were small and are likely ex-
plained by regional demographic differences and not by me-
teorologic or climate-related effects.
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