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Abstract

TITLE: Time Series Analysis of Congestive Heart Failure Discharges in Florida Post Tropical
Cyclones

Purpose: Natural disasters can inflict devastating consequences on affected regions. The health
systems role in disasters is often more reactionary than preventative. Literature in disaster
medicine, particularly post hurricanes, typically focuses on the effects of natural disasters after
a single event and on acute conditions rather than exacerbations of chronic conditions over
time. This study analyzes congestive heart failure (CHF) discharges in Florida post tropical
cyclones from 2007 to 2017 to understand the effects of these cyclones on health outcomes
related to chronic cardiac disease.

Methods: This is a retrospective longitudinal time series analysis of hospital CHF discharges
across Florida using the publicly available Healthcare Cost and Utilization Project database.
Patients with ICD9 and 10 codes for CHF were included. Due to the seasonality of the data and
concerns for auto correlation, the auto regressive integrated moving average (ARIMA) model
was used. Seasonal regressor variables and correlated variables such as cyclone frequency,
maximum cyclone wind speed, average temperature and reports of influenza-like illness (ILI)
were added to the model.

Results: This study identified 3,372,993 patients discharged from hospitals in Florida with CHF
from 2007 to 2017. Average age in each quarter ranged from 72.2 to 73.9 years, with overall
mortality ranging from 4.3% to 6.4%. CHF discharges fluctuated every year with peak discharges
from October to December and nadiring from April to June and an increasing overall time
trend. Significant correlation with CHF discharge was found with the average temperature in
the state (p=<0.01), approximately 208.7 less CHF discharges (SE=76.8) per degree of increase
in temperature. However, no significant correlation was found between frequency of cyclones,
the maximum wind speed and ILI reported with CHF discharges.

Conclusions:

This study suggests no significant increase in overall state burden of CHF discharge diagnosis as
a result of recent previous cyclone occurrences. Further work is warranted to improve research

methods for better management of the chronically ill during and after natural disasters.



Table of Contents

Y X1 o SRS 2
([ XX T4 VAo floT <] 2T =AV] Lo 1 Lo ) X3 R 4
Y=ot (o1 I R [ 1 7 To [ Lot o [ o 5
RY =t 1 (o]0 Y 17 [ =T o o - 8
Y=ot 1 (o1 I 0 |V L1 1 1 oo L 9
SECLION 42 ROSUIRLS........oeeeeeeeeieeeeeeereeeitiitccccccsccssssee s e s s sseeessssesessssssssssssssssssssssssssssssssssssssnns 13
Section 5: Discussion, Limitations, Conclusions, and Suggestions for Future Work.................. 15
Section 6: ACKNOWIEAGEMENLS ............ccvvveeeenniiiiiiernniiiiiiinnsnnsiissssiissssisisssmssssssssssssssssssssssssnns 18
=3 (=1 (=1 Lo =TS 19
TADIES ANA FIQUIES......cccuuuuuriiieriernenisiriirniasisisnirsssssssssssssssssissssssssssssssssssssssssssssssssssssssssssssssnes 23
2 o= T | Lo = 26



Glossary of abbreviations

HCUP: Healthcare Cost and Utilization Project
ARIMA: Auto Regressive Integrated Moving Average
CHF: Congestive Heart Failure

CHFdc: Congestive Heart Failure Discharges

ILI: Influenza-like Illness

FL: Florida

ICD: International Classification of Disease



Section 1: Introduction

Scholarly Project Question

This project studies the trends in chronic cardiac-related admissions as they are affected by the
occurrence of tropical cyclones to answer the following questions:

1) Is there an increase in congestive heart failure discharges post-tropical cyclones?

2) Do seasons with multiple tropical cyclones affect hospital discharges for congestive heart
failure?

3) Does the intensity of the storms affect hospital discharges for congestive heart failure?

4) Is the state of Florida doing better, worse or neutral in terms of helping patients with

congestive heart failure prepare for, and recover after tropical cyclones?

Background and Rationale

A natural disaster is a naturally occurring meteorological or geological event that causes
human, material, and economic or environmental devastation that exceeds the resources
available to weather the effects of the disaster.*> Natural disasters can be classified into
geophysical (earthquakes or volcanic), hydrological (floods or landslides), climatological
(drought and wildfires), meteorological (storms or extreme temperatures) or biological
(epidemics).3

Natural disasters have the potential to inflict devastating consequences to affected
regions. From 1990-2013, approximately 4.8 billion people globally were affected by natural
disasters with a toll of 1.6 million deaths, 5.3 million injuries and 109 million without housing.*
Additionally, the number of people affected by natural disasters have been trending upwards.
From 1981 to 1990, an average of 147 million people per year were affected by natural
disasters increasing to 211 million people per year from 1991 to 2000.° Further research into
the health effects of disasters is warranted as natural disasters are affecting denser populations

and requiring increasing costs for recovery.®



Moreover, due to the rapidly accelerating effects of climate change, natural disasters
around the world are becoming more frequent and more intense.””® The rationale for pursuing
this study is because suffering caused by natural disasters are preventable — particularly related
to development such as access to sanitary water, healthcare and food.!°

Health systems can help mitigate these disasters. However, the health systems role
around disasters are more frequently reactionary than preventative. The “band-aid” approach
typically mitigates the acute effects of natural disasters without developing preventative,
sustainable structure for future disasters.!! Inadequate preparation to these natural disasters
can lead to preventable mass casualties, damage to infrastructure and depletion of resources.
In the wake of a disaster, survivors are affected by acute and chronic health problems
exacerbated by lack of basic resources such as water, food, electricity and housing.'?

This study focuses on tropical cyclones as they are repetitive events in regions of the
Southeast United States and can have devastating, lasting consequences. Briefly, tropical
cyclones are “low pressure weather system that develops over tropical and sometimes sub-
tropical waters.”*® A tropical cyclone is classified by the intensity of the storm, namely, the
maximum sustained windspeed. Tropical depressions have a sustained wind speed of 34 knots
or less, tropical storms between 35 knots and 63 knots, and hurricanes 64 knots or more.

The heavy rain, strong winds and storm surges associated with tropical cyclones can
cause severe damage to affected regions. Major hurricanes particularly can wreak havoc to
local infrastructures.

For example, Hurricane Katrina caused an estimated 1,200 deaths with around $108
billion in property damage. These totals were exacerbated by the failure of levees causing
severe flooding in New Orleans in 2005.'* Even more, hurricanes can inflict damage nationally
as in the case of the national intravenous fluid shortage after Hurricane Maria devastated
Puerto Rico and the Baxter International manufacturing plant in 2017.%> More locally, tropical
cyclones can dirty drinking water, decrease access to medical care and even increase the risk of
food insecurity.®> A study also found a decrease in pharmacy functionality post hurricanes,

increasing the risk of exacerbations of any acute or chronic diseases.®



Literature in disaster medicine, particularly post hurricanes, usually focuses on the
effects of natural disasters after a single event and usually do not show a trend in whether the
state is doing better or worse after each event. For example, a study done by Mongin et al.
2017 used the Healthcare Cost and Utilization Project dataset to measure the impact of
Hurricane Sandy in Long Island, New York?!’. They used a mixed-logistical regression to calculate
the odds-ratio of admissions rates after Hurricane Sandy for major diagnostic categories.

Current literature also focuses on acute conditions such has acute coronary syndrome
rather than exacerbations of chronic conditions (ie congestive heart failure or COPD).*821
Research regarding the effects of hurricanes on patients with chronic disease is limited. The few
studies are retrospective studies or qualitative reviews that suggest that hurricanes can
exacerbate symptoms of mental illness, diabetes and kidney failure.??"2’ Furthermore, studies
that focus on cardiac conditions post-hurricanes are usually regarding incidence and mortality
due to acute myocardial infarctions?®=3°. There is a significant lack of information regarding
congestive heart failure (CHF) exacerbations post hurricanes.

In doing this research, healthcare institution and policy makers will be better informed
and able to understand how natural disasters affect health outcomes, particularly chronic

cardiac conditions so that we can better plan and react to natural disasters in the future.



Section 2: Student role

I, Inkyu Kim, acted as the primary researcher. | completed this project with the help of
my mentors Dr. Sarin and Dr. Hart to come up with the general plan for the research and with
Dr. Locascio to go over the statistics. | performed a literature review, extracted the data from

HCUP, analyzed the data on SAS, and wrote up this scholarly project report.

This project is a work in progress and further analysis is warranted before publication.

Further detailed analysis is being pursued with the research team.



Section 3: Methods

This is a retrospective longitudinal time series analysis of hospital congestive heart
failure discharges across Florida using the publicly available Healthcare Cost and Utilization
Project database (HCUP). Patients with International Classification of Disease versions 9 and 10
codes for CHF were included. The target population is defined as all patients admitted to the
hospital in the state of Florida from January 2007 to December 2017 due to congestive heart

failure.

Data Sources
Healthcare Cost and Utilization Program

The dependent variable of primary interest was inpatient discharge data for congestive
heart failure (CHFdc) patients from January 2007 to December 2017, purchased from the
publicly available Healthcare Cost and Utilization Program Database (HCUP).3! This database is
sponsored by the Agency for Health Research and Quality. The State Inpatient Databases (SID)
that “encompass more than 95 percent of all U.S. hospital discharges” was used for analysis.
The SID database contains diagnostic codes and the quarter of discharge for each patient
admitted to the hospital. The database does not specify the day or month of admission.
Discharge per quarter was used instead. Quarter was classified as follows: 1%t quarter was from
January to March, 2" was from April to June, 3™ from July to September and 4" from October
to December. Other information such as age, gender and race were used as covariates in
analyses as well.
National Hurricane Center

Information about tropical cyclones was obtained from the National Hurricane Center
and Central Pacific Hurricane Center’s Tropical Cyclone Reports.3? Tropical cyclones that had
data for Florida in the reports were included in the study whether or not the cyclones made
landfall. Tropical cyclones were aggregated into the quarter of the year they occurred and the
frequency of the cyclones per quarter was calculated. The maximum sustained wind speed (in
knots) was obtained from the reports as well.

Influenza Surveillance Reports



Reported incidence of influenza like illness was used as a regressor as previous studies
show a correlation between congestive heart failure exacerbations and influenza.3334
The Influenza Surveillance Reports are weekly reports that the Center for Disease Control and
Prevention compiles to monitor influenza activity. This study specifically used the U.S.
Outpatient Influenza-like lliness Surveillance Network (ILINet) data collected by outpatient
providers.3®> Outpatient healthcare providers who volunteer to be a part of this program
reported the total number of patients seen for any reason and the number of patients who
reportedly have ILI symptomes. ILI is defined as temperature of 100 degrees Fahrenheit or
greater and a cough and/or a sore throat without known cause. This study used the percentage
of patients visited for ILI in the state of Florida. The weekly reported data was binned into a
guarter and the average was calculated for use in analysis.
Florida Temperature

The average statewide temperature of Florida (in degrees Fahrenheit) was added as a
regressor in the model as previous studies show a correlation with extreme temperatures,
particularly lower temperatures, and congestive heart failure exacerbation.3®3” The average
temperature of the state of Florida was obtained from the Florida Climate Center.3® The
temperature in the dataset was reported to by month. Therefore, for this study, the average
temperature was aggregated into quarters and calculated the average/per quarter for use in
analysis.
ICD codes for cardiac conditions

Discharges of patients with congestive heart failure were obtained by using diagnosis
codes codified as the International Classification of Diseases (ICD). ICD version 9 were used for
admissions before the fourth quarter of 2015 and ICD version 10 codes were used from the
fourth quarter of 2015 onwards. For ICD-9, codes that started with 428 were included. For ICD-
10, codes that started with 150 were included.
New Code

Graphical analysis of the raw time series data of congestive heart failure discharges by
guarter show a sudden increase in CHF discharges from the 4th quarter of 2015 onwards. This

could be due to the changes in ICD codes from version 9 to version 10 at that time. To account
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for the switch, a dummy variable was added as a regressor with the value of 0 for ICD 9 codes
and a value of 1 for ICD 10 codes.
Quarter

Given that the time series data was divided by quarters, there was a strong and
consistent effect of the quarter that patients were discharged on CHFdc apparent in preliminary
graphical analysis. This could contaminate and obscure other effects especially the
autocorrelation effects. In order to account for this, three orthogonal dummy coded contrast
indicators were coded into the model as regressors making “Quarter” effectively a categorical
predictor with three degrees of freedom. (The contrasts were “Season” contrasting the
combined quarters 1 and 4 versus the combined 2 and 3, “WinFall” contrasting 1 vs 4, and
“SpringSum” contrasting 2 vs 3).

Statistical Analysis

Due to the seasonality and non-stationary data and concerns for autocorrelation, the
auto regressive integrated moving average (ARIMA) model was used to correct for the
autocorrelated errors found in time series data using the statistical software University Edition
SAS Program (Version 9.4M6; the ARIMA Procedure) with conditional least-squares estimates
for coefficients.

The ARIMA model uses data collected at regular time intervals to calculate the
autocorrelations of the errors from time point to time point. The autocorrelation effects are
then removed to reduce error terms to approximate white noise and allow for valid significance
tests of the relation of predictor terms of substantive interest (such as the frequency of the
tropical cyclones, incidence of flu, etc.) to the dependent variable of interest, CHF discharges.

A small number of ARIMA model variations were tested for best fit defined as having the
least evidence of autocorrelation among model residuals, and statistically significant
autocorrelation predictor terms. The final ARIMA model presented below was obtained by first
running a model with all regressors of interest and covariates but with no autoregressive (p) or
moving average (q) correction, or “ARIMA(0,0,0)” in standard notation. Graphical analysis
showed clear evidence of nonstationary time change (increase in CHFdc with time), but rather

than crudely transforming the dependent variable to differences in CHFdc from adjacent

11



timepoints as a means of eliminating the non-stationarity, linear time was included as an
additional predictor (there was no graphical evidence of temporal curvilinearity).

For this initial model, the following regressors and covariates were used: three orthogonal
categorical variables for quarter, average temperature of Florida, a linear time function, dummy
variable for ICD version change, concurrent percent incidence of ILI, lag of one quarter of the
percent incidence of ILI, frequency of tropical cyclones, lag of one quarter of the frequency of
tropical cyclones, maximum cyclone wind speed, and lag of one quarter of the maximum
cyclone wind speed.

This first model showed significant residual deviation from white noise which indicated
significant autocorrelation. Using the Autocorrelation Function (ACF) and the Partial
Autocorrelation Function (PACF) graphs for the residuals, p and q terms were added to test for
best fit of the first model. Between the concurrent and lag regressors (percent incidence of ILI,
frequency of tropical cyclones, maximum cyclone wind speed), regressors that had less
significance were backward eliminated from the initial best fit model, which in this case was
ARIMA(3,0,0). The following covariates were included in the final model even if they were not
statistically significant in order to adjust for the external factors affecting CHFdc data: three
orthogonal categorical variables for quarter, average temperature of Florida, a linear time
function and the dummy variable for ICD version change.

The regressors of the final models were: three orthogonal categorical variables for
guarter, average temperature of Florida, a linear time function, dummy variable for ICD version
change, lag of one quarter of the percent incidence of ILI, frequency of tropical cyclones, and
lag of one quarter of the maximum cyclone wind speed. With these new regressors, a final best
fit model was found with an autoregressive term of 1, or ARIMA(1,0,0). The equation for the

final model is included in Appendix 1.
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Section 4: Results

This study identified 3,372,993 patients discharged from hospitals in Florida with CHF
from 2007 to 2017. Forty nine percent of the patients were female, and the average age ranged
from 72.2 to 73.9 years. Racial distribution of the population was as follows: 69.69% White,
15.96% Black, 11.55% Hispanic, 0.50% Asian, 0.11% Native American, 1.67% Other and 0.53%
with no reported race.

Overall mortality ranged from 4.3% to 6.4% with no significant difference in mortality
among quarters. The length of stay ranged from 6.78 days to 7.61 days. An independent
samples t-test showed a significant difference (p=0.002) in the length of stay between quarter 2
(mean=7.19, SD=0.19) and quarter 4 (mean=6.92, SD=0.12).

CHF discharges fluctuated every year with peak discharges from October to December
and nadiring from April to June. There was also an overall increasing linear trend of CHF
discharges over time with a sudden shift upwards from the third quarter of 2014. (Figure 1A)

The Pearson’s correlation matrix as shown in Table 1 shows significant correlation
among variables. Of note, the “season” variable is highly correlated with the average
temperature of Florida, percent of ILI reported, frequency of cyclones in a quarter and the
maximum windspeed in a quarter. The average temperature of Florida was also highly
correlated with percent of ILI reported, frequency of cyclones in a quarter and the maximum
windspeed in a quarter. Also, the percent of ILI reported was correlated with frequency of
cyclones in a quarter and the maximum windspeed in a quarter.

ARIMA model analysis (Table 2) showed no significant autocorrelation between CHF
discharges and the following regressors of interest and their lag variables: percent of ILI
reported, frequency of tropical cyclones in a quarter, or maximum tropical cyclone windspeed.

Significant correlation with CHF discharge was found with all three orthogonal
categorical variables. The “season” variable was significant (p=0.005) with an estimate of
1772.7 (SE=587.2) more CHF discharges in quarters 1 and 4 versus quarters 2 and 3. The
“winfall” variable was significant (p<0.0001) with an estimate of 4008.1 (SE=294.2) more CHF

discharges between quarter 1 versus quarter 4. The “springsum” variable was significant
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(p=<0.0001) with an estimate of 2275.4 (SE=297.2) more CHF discharges between quarter 2
versus quarter 3.

There was also a significant correlation with the average temperature of Florida (p=0.01
with approximately 208.7 less CHF discharges (SE=76.8) per degree of increase in temperature.

Graphical representation of the effects estimates from the ARIMA model is shown in Figure 1.
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Section 5: Discussion, Limitations, Conclusions, and Suggestions for

Future Work

This study sought to analyze the correlation between tropical cyclones and CHF in order
to better understand the effects of natural disasters on chronic disease. The results show that
there are no significant correlations with storm frequency or maximum storm winds speed with
CHF discharges in Florida. This result could be interpreted in different ways.

One interpretation is that tropical cyclones have no effect in exacerbating CHF.
However, this is uncertain given the plethora of ways that a tropical cyclone, particularly
hurricanes, could affect the access to basic transportation, nutrition, medications and
healthcare. It is also possible that tropical cyclones overall may not affect CHF discharges but
the frequency of more intense storms such as tropical storms or hurricanes but not including
tropical depressions may cause more exacerbation of CHF.

Another interpretation is that Florida is able to efficiently mitigate and prevent any
surplus congestive heart failure discharges due to tropical cyclones. This could be due to the
improved awareness and changes in policies regarding hurricane preparedness particularly
after hurricane Katrina’s devastating consequences. The Post-Katrina Emergency
Management Reform Act of 2006 was passed through Congress with major reforms in
emergency management. In summary, the reform included clearer definitions of the authority
of the Federal Emergency Management Agency, new leadership organization, strategies for
increasing human capital in disaster response, better national preparedness systems, more
accountability and oversight by the Department of Homeland Security Office of Inspector
General, and more.?°

As expected from literature, CHF discharges were increased with colder temperatures.
However, the incidence of ILI was not significantly correlated with CHF discharges despite
literature evidence likely due to the limitations of this study.

This study has various limitations that should be considered in interpretation.

First of all, as the HCUP dataset for Florida does not contain information regarding admissions,

this study uses discharge data as a proxy for hospital flow.
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Another significant limitation of this study is the generalization of the data available for
analysis. Using data from the whole state of Florida rather than the specific counties that were
directly affected by the cyclones could wash out any significant signals. Additionally, tropical
cyclones can take various paths and affect different parts of Florida with no two cyclones being
equal in severity and damage.

The lack of correlation could also be due to the aggregation of data into quarters rather
than months or days. Given that the HCUP dataset reported discharges by quarter, the
regressors and covariates were binned and averaged in quarters. Therefore, effects due to
cyclones on CHF may be masked by averaging out the data.

Relatedly, though the dataset captures information for over 95% of discharges in the
United States, it lacks the granularity of time points needed for more detailed analysis. This
study looks at the discharge data for a decade. Yet, discharge data is only available in quarters,
yielding a total of 44 datapoints available for use in the ARIMA model. It is generally
recommended that a minimum of 50 data points are used for the ARIMA model.*° This leads to
a lack of granularity that may be needed to fully elucidate how natural disasters, in this case
tropical cyclones, affect congestive heart failure discharges.

Multicollinearity of the regressors and covariates could be an issue as well. The high
correlation between independent variables can undermine the statistical significance of the
variables. However, the variables this study uses occur in very similar times of the year. For
example, hurricane season is from the beginning of June to the end of November. Yet during
that period, the average temperature usually drops and the incidence of influenza like illness
usually increases. Perhaps a more granular dataset looking into the months or days of
admissions would be better able to parse out the nuanced seasonal variables.

Further work is still warranted to improve management of the chronically ill during and
after natural disasters. Future work surrounding tropical cyclones and CHF should strive to
include a more granular dataset so that the timeseries data can be better modeled.

Although literature exists for the effects of hurricanes on diabetes, mental illness and kidney

disease, further research is needed to include other chronic disease processes such as chronic
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obstructive pulmonary disease, neurodegenerative disease (particularly patients with dementia
who require close coordination and follow up), access to dialysis and more.

The goal of this study was to further add on to the research of the vulnerable chronically
ill populations surrounding natural disasters. Research such as this will advise policy makers,
city planners and hospital administrators to be better informed in making decisions for disaster

preparedness, response and recovery.
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Tables and Figures
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Figure 1. A) CHF discharge by quarter. ARIMA model effect estimates of B) quarter effects, C)
average temperature, D) new code plus the intercept, E) linear Time, F) white noise residual G)

autocorrelative effects.
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Pearson Correlation Coefficients
Prob > |r| under HO: Rho=0

season | winfall | springsum | avgtemp | time | newcode piLl |lagplLl | CntCyclone (I;?,i?:,:; MxCyclone (:I;g:\:)r(\e

season 1.00 0.00 0.00 -0.90 0.00 0.06 0.71 -0.31 -0.50 0.28 -0.42 0.39
1.00 1.00 <.0001 1.00 0.72 <.0001 0.04 0.00 0.07 0.00 0.01

winfall 0.00 1.00 0.00 -0.26 -0.08 -0.08 0.32 0.40 -0.12 -0.46 -0.24 -0.35
1.00 1.00 0.08 0.59 0.61 0.03 0.01 0.42 0.00 0.12 0.02

springsum 0.00 0.00 1.00 -0.25 -0.03 0.00 0.10 0.61 -0.28 -0.28 -0.31 -0.26
1.00 1.00 0.09 0.86 1.00 0.51 <.0001 0.07 0.07 0.04 0.09

avgtemp -0.90 @ -0.26 -0.25 1.00 0.11 0.07 -0.72 | -0.04 0.55 -0.15 0.51 -0.27
<.0001 @ 0.08 0.09 0.49 0.67 <.0001 | 0.79 0.00 0.34 0.00 0.08

time 0.00 -0.08 -0.03 0.11 1.00 0.70 0.00 -0.02 -0.06 -0.08 0.05 0.04
1.00 0.59 0.86 0.49 <.0001 0.98 0.91 0.68 0.62 0.77 0.78

newcode 0.06 -0.08 0.00 0.07 0.70 1.00 0.02 | -0.05 0.09 0.04 0.1 0.07
0.72 0.61 1.00 0.67 <.0001 0.88 0.76 0.56 0.80 0.47 0.68

piLI 0.71 0.32 0.10 -0.72 0.00 0.02 1.00 0.03 -0.42 -0.09 -0.31 0.10
<.0001 0.08 0.51 <.0001 0.98 0.88 0.82 0.00 0.57 0.04 0.54

lagplLI -0.31 0.40 0.61 -0.04 -0.02 -0.05 0.03 1.00 -0.10 -0.42 -0.09 -0.31
0.04 0.01 <.0001 0.79 0.91 0.76 0.82 0.53 0.00 0.58 0.04

CntCyclone -0.50 -0.12 -0.28 0.55 -0.06 0.09 -0.42 -0.10 1.00 -0.14 0.80 -0.18
0.00 0.42 0.07 0.00 0.68 0.56 0.00 0.53 0.37 <.0001 0.26
lagCntCyclone| 0.28 -0.46 -0.28 -0.15 -0.08 0.04 -0.09 | -0.42 -0.14 1.00 -0.06 0.80
0.07 0.00 0.07 0.34 0.62 0.80 0.57 0.00 0.37 0.68 <.0001

MxCyclone -0.42 -0.24 -0.31 0.51 0.05 0.11 -0.31  -0.09 0.80 -0.06 1.00 -0.07
0.00 0.12 0.04 0.00 0.77 0.47 0.04 0.58 <.0001 0.68 0.64

lagMxCyclone | 0.39 -0.35 -0.26 -0.27 0.04 0.07 0.10 | -0.31 -0.18 0.80 -0.07 1.00

0.01 0.02 0.09 0.08 0.78 0.68 0.54 0.04 0.26 <.0001 0.64

Table 1. Pearson's correlation matrix of all variables. The first value in each table is the Pearson

correlation coefficient and the second value underneath is the p value. Season, winfall and

springsum are orthogonal dummy coded contrasts code for quarter; avgtemp is average

temperature of florida each quarter; time is the code for linear time trend; newcode is the

dummy code for the change of ICD code from version 9 to version 10; plLl is the percentage of

influence-like illness reported each quarter; CntCyclone is the number of cyclones affecting

Florida in each quarter; MxCyclone is the highest cyclone windspeed in knots in each quarter;

"lag" represents the lag of one quarter of the reported variable.
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The ARIMA Procedure

A. Conditional Least Squares Estimation
Standard Approx
Parameter | Estimate Error t Value Pr> |t Lag
MU 84319.40 5777.10 14.60 <.0001 0
AR1,1 0.99 0.06 16.05 <.0001 1
Season 1859.70 587.47 3.17 0.0031 0
Winfall 4026.90 296.04 13.60 <.0001 0
Springsum 2349.60 293.34 8.01 <.0001 0
Avgtemp 212.11 77.35 -2.74 0.0094 0
Time 657.75 367.69 1.79 0.0821 0
Newcode -3282.90 1513.40 -2.17 0.0368 0
B. Autocorrelation Check of Residuals
To Lag Chi-Square DF Pr > ChiSq Autocorrelations
6 B8.54 5 0.1289 0.026 0.327 0.154 0.159 0.133 -0.006
12 18.1 11 0.0794 0.196 0.08 0.251 0.085 0.209 0.073
18 2147 17 0.2059 0.137 0.012 -0.088 -0.095 0.065 0.089
24 23.55 23 0.4288 0.036 0.034 -0.056 0.037 0.099 0.072
C. Residual Correlation Diagnostics for CHFdc
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Table 2. ARIMA (1,0,0) model data. A) Conditional least squared estimation of the ARIMA

model. B) Autocorrelation check for residuals of the final model. C) Graphical representation of

the residual correlation diagnostics for the dependent variable CHFdc. ACF = Autocorrelation

function, PACF = Partial autocorrelation function, IACF = inverse autocorrelation function.
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Appendices

CHFdc = intercept + season + winfall + springsum + avgtemp + time + newcode

1

, * error
autocorrelation factor

ARIMA (1,0,0) Equation Values

Parameter Estimate Standard Approx

Error Pr> |t

Season 1859.70 587.47 0.0031

Winfall 4026.90 296.04 <.0001

Springsum 2349.60 293.34 <.0001

Avgtemp -212.11 77.35 0.0094

Time 657.75 367.69 0.0821

Newcode -3282.90 1513.40 0.0368
Intercept 84319.37

Autoregressive Factor 1-0.98646 B

Appendix 1. Generalized equation for the final ARIMA (1,0,0) model with a table of estimates,

intercept and autocorrelation factor where B is the backshift operator, that is, B Xt = Xt-1.



