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ABSTRACT 

 

THE ROLE OF AMBIENT TEMPERATURE AND INFLUENZA OUTBREAKS: 

A CASE STUDY OF THE 1918 SPANISH FLU PANDEMIC 

A thesis submitted in partial fulfillment of the requirements for the degree 

 

MASTER OF SCIENCE 

 

in 

 

ENVIRONMENTAL STUDIES 

 

by 

 

ASHTON BASAR 

APRIL 2019 

 

at 

 

THE GRADUATE SCHOOL OF THE UNIVERSITY OF CHARLESTON, 

SOUTH CAROLINA AT THE COLLEGE OF CHARLESTON 

 

The seasonal outbreak of influenza occurs around the same time every year with distinct 

patterns across temperate regions of the world. Pandemic outbreaks such as the 1918-

1919 outbreak often referred to as “Spanish Flu” are less predictable and more lethal than 

the annual flu seasons. Scientists have suggested that environmental factors such as 

ambient (outdoor) temperature may have a role in the seasonal patterns following 

latitudinal lines between the northern and southern hemispheres of the globe. Pandemic 

strains, such as the 1918 Spanish Flu, have yet to be studied for a significant relationship 

between peak mortality and environmental factors. Using historical 1918 Spanish Flu 

data in three North American cities as case studies, daily mortality counts, and daily 

temperature values were analyzed for a significant relationship between peak flu activity 

and a change in temperature. Findings suggest that a fluctuation in temperature may 

occur prior to the peak transmission of a pandemic strain of influenza. Historical naval 

and civilian death records from Charleston, SC were also analyzed to provide further 

evidence of the spread of disease. The information found in this study can be utilized to 

inform future public health officials about epidemic and pandemic outbreaks of influenza 

at the local level and worldwide. 
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Chapter 1: Introduction 

1.1 What is Influenza? 

 The annual flu season affects individuals around the world and often claims the 

lives of thousands of people each year (Azziz Baumgartner et al., 2012).  Influenza is a 

virus that infects cells of the human body by integrating their own DNA into the original 

cell structure (Skehel & Wiley, 2000).  The influenza virus is unique due to its constant 

genetic changes and DNA mutations (Nicholls, 2006).  In a single flu season, the virus 

can mutate multiple times leading to newly emerging strains and severities of infection 

(Smith et al., 2009).  There are three main classes of influenza that are categorized as 

Influenza A, B, and C, with type A being the most lethal (Nicholls, 2006).  The 

nomenclature of influenza relies on the number of Hemagglutinin and Neuraminidase 

receptors required for entry into cells and are located on the outside of the virus (Skehel 

& Wiley, 2000).  An example, H1N1 is a subtype of the Influenza A virus class that has 

been associated with some of the deadliest outbreaks of influenza (Zimmer & Burke, 

2009).  The 2009 Swine Flu pandemic and the 1918 Spanish Flu pandemic were both 

varying strains of the H1N1 subtypes (Zimmer & Burke, 2009).  Although the structure 

of each of these viruses are similar in nature, the slight mutations between them are what 

distinguishes virulence and mortality between the two strains (Smith et al., 2009).   

 The transmission of the virus occurs through direct contact, airborne particles, or 

surface to host contact (Mathews et al., 2009).  A unique characteristic of the influenza 

virus is the zoonotic nature of the pathogen that allows the virus to infect various 

vertebrate species (Webster et al., 1992).  The specific receptors on the outside of the 
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virus allow viral entry into mammalian cells depending on the host cell type at the time of 

infection (Skehel & Wiley, 2000).  While influenza most commonly infects humans, it 

also has animal hosts including birds, swine, and other vertebrate species (Webster et al., 

1992).   

Rapid mutation of the virus also defines specificity for treatments such as 

vaccines and antivirals (Mathews et al., 2009).  The current production of vaccines relies 

heavily on the monitoring of circulating viruses in other countries to prepare for future 

production (Gerdil, 2003).  The flu vaccine takes approximately six months to produce, 

and around 250 million doses are distributed worldwide each year (Gerdil, 2003).  

However, the virus often mutates before reaching the United States and the timing of 

production leads to ineffective vaccinations (Layne et al., 2009).  Antivirals are currently 

being approved for production, but their efficacy has only been tested in limited clinical 

trials (Jefferson et al., 2006).  The rapid mutation of future pandemic strains may not 

warrant enough time for mass vaccine production and distribution (Layne et al., 2009).   

 Most strains of viruses tend to be predictable in their patterns of transmission and 

lethality (Dowell, 2001).  Nonpolio viruses and highly transmissible viruses such as RSV, 

rotavirus, and influenza all have cyclical epidemic outbreaks each year (Pons-Salort et 

al., 2018).  Scientists have monitored these diseases seasonally and have found patterns 

in transmission at the latitudinal and longitudinal levels (Dowell, 2001).  Pandemic 

influenza could also be monitored in a way that could allow scientists and public health 

officials to effectively predict the course of an outbreak and devise quarantine protocols. 
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1.2 The Seasonality of Influenza 

 The annual flu season is predictable and relatively stable across temperate regions 

of the world (Azziz Baumgartner et al., 2012).  Countries with a temperate climate have a 

singular annual peak in January or February in the Northern Hemisphere and July in the 

Southern Hemisphere (Azziz Baumgartner et al., 2012).  This repetitive pattern has led 

researchers to try to find the cause of predictability in annual flu seasons (Tamerius et al., 

2011).  Many researchers correlate the outbreaks with air travel, holiday and school 

schedules, close indoor proximity in the winter, and decreased immunity. (Chattopadhyay 

et al., 2018).  However, many of these variables would lead to a much earlier flu season 

instead of mid-winter months. School schedules send students back to classes in late 

August or early September.  Holiday travel occurs about a month to two months prior to 

the annual outbreak.  Global flights are constantly occurring throughout summer and 

winter months.  The zoonotic nature of the pathogen has led researchers to study animal 

movement patterns such as bird migrations, but the viral prevalence in wild birds is low 

(Olsen et al., 2006).  Numerous studies have speculated that a change in weather 

attributed to the winter months may have a role linked to the spread and severity of the 

disease (Reichert et al., 2004). 

 Influenza affects the entire globe at different times of the year depending on the 

latitude (Dowell, 2001).  The virus circulates across the equator multiple times 

throughout the year leading to multiple outbreaks of influenza in the tropical regions of 

the globe (Chew et al., 1998).  Different strains of the flu circulate together with the 

introduction of newly mutated strains along with the previous strains (Finkelman et al., 

2009). Weather parameters such as temperature and relative humidity have been the most 
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researched variables associated with the seasonality of the flu (Lowen & Steel, 2014).  

Low humidity levels have been found to increase viral survival in many strains of 

influenza (Shaman & Kohn, 2009; Yang et al., 2012).  However, temperature has 

continually had the highest level of significance when compared to cases of influenza 

(Sundell, et al., 2016).  The transmission of the virus following specific latitudes across 

the globe still leaves researchers with missing information about the nature of the viral 

passage.  The answer may be multi-factorial, but ambient temperature is likely a key 

piece to unraveling the full etiological picture of pandemic outbreaks. 

1.2.1 Tropical Regions 

 The prevalence of influenza in tropical regions of the world does not follow a 

typical unimodal peak like the temperate regions of the globe (Tamerius et al., 2013).  

Although data is limited, tropical countries tend to experience bi- or tri- modal peaks 

closely associated with the rainy seasons (Baumgartner et al., 2012).  A study of 85 

countries found that 85% of temperate climate countries exhibit a unimodal distribution 

while 28% of tropical countries have bimodal distributions and 13% have trimodal 

distributions (Baumgartner et al., 2012).  Researchers have attributed this pattern to 

increased indoor proximity during the rainy months, cooler temperatures, and school 

schedules (Fuhrmann, 2012).  Most health data are sparse in many of the tropical 

countries due to the lack of electronic surveillance systems (Viboud et al., 2006).  Recent 

studies have begun using newly implemented digital disease surveillance systems 

implemented by the Centers for Disease Control (CDC) in the United States for higher 

levels of accuracy (Zhao et al., 2017). 
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 Tropical regions have been studied with similar weather parameters to attempt to 

explain the bi- or tri- modal peaks in these areas (Tamerius et al., 2013).  Studies in the 

late 1990s concluded that the multi-modal patterns exist in these regions due to lower air 

temperature and lower relative humidity (Chew et al., 1998).  However, many tropical 

regions have peak flu activity during the rainy seasons and a more recent study found a 

significant correlation between the roles of rainfall, humidity, and temperature 

(Soebiyanto et al., 2015).  Researchers attempted to separate the areas of tropical and 

temperate regions by explaining that cold-dry air in the temperate regions and humid-

rainy air in the tropics are the best conditions for viral transmission (Davis et al., 2012; 

Tamerius et al., 2013).  Digital disease surveillance has provided a better data set to study 

the tropical regions, and researchers have now found a significant correlation between 

temperature and peak activity with no distinct difference between the humidity levels 

(Zhao et al., 2017). Evidence suggests that in tropical and temperate regions of the world, 

temperature is the presiding factor that influences the distribution of influenza between 

individuals in repetitive seasonal patterns. 

1.3 Weather Parameters and Meteorological Findings 

 As scientists continue to attempt to explain the seasonality of influenza and other 

diseases, they have focused mainly on the environmental factors that may have a role in 

the transmission between populations (du Prel et al., 2009).  Viral infections such as 

Rotavirus and Rubella have also shown cyclic seasonal activity with evidence linked to 

the environment (Dowell, 2001).  Weather parameters including outdoor temperature, 

relative humidity, and precipitation are variables that scientists have examined to explain 

the phenomenon of the annual influenza outbreaks (Lofgren et al., 2007).  Levels of 
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ultraviolet light exposure have been correlated with host Vitamin D and melatonin levels 

but exhibit lower levels of significance with immunity against influenza (Bonilla et al., 

2004; Cannell et al., 2006; Martineau et al., 2017).  Vapor pressure has also been a 

suggested parameter to study with seasonality, but historical data often did not record 

vapor pressure (Lipsitch & Viboud, 2009).   

Ambient temperature continues to be statistically significant parameter associated 

with influenza transmission (Sundell et al., 2016).  In temperate regions of the world, the 

singular peaks in influenza activity coincide with mid-winter months were the air is dry, 

cold, and reduced sunlight exposure to the lowest levels of the year (Li et al., 2018).  

Studies have attempted to re-create the winter conditions in a lab setting using in vivo 

models to simulate exposure and transmission (Lowen et al., 2007; Lowen et al., 2008).  

A study used guinea pigs as a model for airborne transmission of the flu by using 

temperature and humidity as independent variables (Lowen & Steel, 2014).  Lowen and 

Steel initially conducted a study in 2008 and found that higher temperatures decreased 

airborne transmission of the virus but not through direct contact (Lowen et al., 2008).  

Another study in 2014 indicated that both variables influenced the transmission between 

guinea pig cages with lower temperatures and humidity levels showing the highest rates 

of airborne infection (Lowen & Steel, 2014).  Although there are many routes of 

transmission of influenza, the airborne distribution may have a larger impact on the 

passage of the disease between individuals. 

Pandemic strains of influenza have peaked much earlier in the season than the 

annual seasonal strains (Table 1).  Pandemics have consistently occurred around the 

autumn months in mid-October and November in the United States (Morens & 
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Taubenberger, 2009).  The 1918 Spanish Flu pandemic also had peak activity in mid-

October with a few smaller waves in winter and spring 1919 (He et al., 2011). The 

highest level of activity, termed the “Herald Wave,” had the greatest levels of mortality 

around October 1918 in most regions of the United States (Olson et al., 2005).  Records 

from Europe also showed similar patterns in the pandemic with a short spring wave, a 

large autumn wave, and another wave in late-winter 1919 (Pearce et al., 2010). 

The 2009 Swine Flu pandemic followed a similar trend with an early spring wave 

and a larger wave of activity in October 2009 (Smith et al., 2009).  Scientists have also 

studied weather parameters associated with the Swine Flu and found a significant 

correlation between decreased relative humidity and lower temperatures prior to the peak 

(Steel et al., 2010).  Although the impact of the 2009 Swine Flu was not as significant as 

the 1918 Spanish Flu, the H1N1 strain in both cases has led researchers to question the 

similarities in the pandemics (Steel et al., 2010).  Scientists believe that the pandemic 

strains propagate shortly after the end of the annual flu seasons and peak in mid-Autumn 

(Fox et al., 2017).  Similar patterns observed in future pandemics can allow preparations 

to begin for timely public health interventions (Willem et al., 2012). 

1.4 The 1918 Spanish Flu Pandemic 

 The Spanish Flu was one of the most virulent strains of influenza that infected 

over 500 million people, which was over a third of the world’s population at the time 

(Taubenberger & Morens, 2006).  The virus was one of the most lethal strains with an 

estimated 50 million deaths or 2% of the population in 1918 (Johnson & Mueller, 2002).  

Public health officials during the time thought that the flu strain originated in Spain, and 

thus named the disease the Spanish Flu (Barry, 2004).  It was not until 2005 that the 
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entire genome of the virus was sequenced from a frozen lung tissue sample found in the 

permafrost in Alaska (Tumpey et al., 2005).  Scientists have found that the H1N1 strain 

showed high expression in respiratory regions of the body including lung and epithelial 

tissues, and unique expression in brain tissues (Tumpey et al., 2005).  Most viral strains 

do not permeate the blood brain barrier which may have been another reason for the 

higher level of lethality associated with the Spanish Flu strain. (Sheng et al., 2011). 

1.4.1 Historical Perspective 

At the time of the 1918 Spanish Flu pandemic, the First World War was coming 

to an end, yet another threat was on the horizon (Byerly, 2010).  The United States 

military involvement in Europe peaked from September 1918 to November 1918, which 

was around the same time of the peak mortality rates from the Spanish Flu pandemic 

(Byerly, 2010).  Researchers believe that 20% to 40% of military personnel were infected 

with the disease (Bylerly, 2010).  The final death toll amongst military personnel and 

civilians was greater than the amount of deaths recorded in combat (Bylerly, 2010).  

Today, scientists still have not found the original location of the flu outbreak, but 

many believe that the first case in the United States was introduced in a military base in 

Fort Riley, Kansas (Barry, 2004).  Although the virus had spread rapidly across the 

United States and Europe around the same time, military personnel would have had to 

travel across the Atlantic Ocean by ship because commercial air travel was not 

established at the time (Byerly, 2010).  The extreme virulence and rapid transmission 

were confirmed in military records with some medical officers falling ill after only 48 

hours of exposure (Byerly, 2010). 



9 

 

At the time of the pandemic, molecular biology and virology did not exist and 

doctors in the US and Europe struggled to distinguish the new pandemic from other 

respiratory diseases such as pneumonia and bronchitis. (Bootsma & Ferguson, 2007).  

Medical records were also not recorded accurately, and some deaths were recorded as 

pneumonia instead of influenza (Appendix A). Most records were handwritten or typed 

on typewriters, and many of the records only included deaths (Appendix D).  Especially 

in underserved communities, many of the death tolls were averaged over a long period of 

time or not recorded at all (Doshi, 2008).  At the height of the pandemic, healthcare 

facilities had maximized their resources and were running out of space, especially in city 

centers (Acuna-Soto et al., 2011).  Within 10 days, many infirmaries were out of room 

for incoming patients and had to go to great lengths to find space and treatments for the 

sick (Bootsma & Ferguson, 2007).  Public health officials began trying to implement 

quarantine measures, but many of the communities had already reached peak mortality 

and infection rates by the time the interventions commenced (Juckett, 2006).  Studies 

have found that death rates in city centers were 30-40% higher than in rural areas of the 

globe (Chowell et al., 2008).  Most individuals living in rural and poorer areas died in 

their homes rather than in hospitals (Chowell et al., 2008).  Although modern medicine 

and health facilities have greatly advanced since 1918, this case serves as a learning 

opportunity for the necessary public health quarantine and social distancing measures 

necessary for future pandemics (Cooper et al., 2006). 

1.4.2 History in Charleston, SC 

 In 1918, Charleston was a thriving small city with a population of around 60,000 

people and an active military base (“Year Book,” 1918).  The first cases of Spanish Flu 
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were reported at the naval training station amongst 16 infected sailors (“The Spanish,” 

1918).  The military base had 4,167 personnel and a recorded 1,118 cases of influenza by 

the end of 1919 (Sohn & Boulier, 2012).  Military records indicated that 26 military 

personnel had confirmed deaths caused by the Spanish Flu, but actual counts may be 

much higher (Sohn & Boulier, 2012).   

During the early 1900s, many cities were not equipped with large health facilities, 

yet Charleston had six major health centers during the pandemic (“Pneumonia,” 1918).   

In the fall of 1918, a typhoid epidemic was coming to an end, yet the Spanish Flu was 

quickly to follow across the southeastern region (“The Spanish,” 1918).  Public health 

officials attempted to slow the progression of the disease by cancelling the Ringling 

Brothers Circus show and closing schools and churches (“Circus”, 1918; “College”, 

1918).  City officials freely distributed liquor to those afflicted to help ‘cure’ the disease 

(Moore, 1985).  Public health officials advised citizens to refrain from sweeping their 

floors which would stir up dust and spread the flu (Moore, 1985).  Dr. J. Mercier Green 

was the City Health Officer at the time and directed all public health measures in 

Charleston (Green, 1918).   

By late October, over 5,500 records of Spanish Flu were recorded in Charleston, 

yet Dr. Green estimated the true count was probably doubled due to misdiagnosis (Green, 

1918).  As quickly as the pandemic spread throughout the city, the number of flu cases 

quickly dropped around mid-November 1918 (“No More,” 1918).  On November 6th, the 

city ban was lifted, and children returned to school a week later (“No More,” 1918).  A 

second wave of flu spread throughout the city again in January 1919 (Moore, 1985).  

Initial records suggested that the impact of the flu was even greater during the second 
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wave, but more recent studies have suggested a much smaller impact (Moore, 1985).  

There is a possibility that the second wave was a less lethal strain of the Spanish Flu 

caused by a mutation in the virus or a completely different strain of seasonal flu. 

1.4.3 Young Adult Responses 

 During the annual flu season, the highest levels of mortality are shown with infant 

and elderly populations due to their compromised immune systems (Abedi et al., 2014).  

A distinct characteristic of the 1918 Spanish Flu pandemic was the “W-shaped” epidemic 

response curve with the highest mortality rates shown in the young adult population 

(Taubenberger & Morens, 2006).  This type of mortality curve has not existed during any 

other pandemic or annual flu season pattern (Langford, 2002).  Researchers have 

attempted to explain this phenomenon with a few hypotheses attributed to a prior 

immunity in older adults and an overactive immune response from the young adult 

population (Shanks & Brundage, 2012).  Studies have suggested that “immunological 

memory” may have protected older adults after living through a pandemic called the 

Russian Flu (Ahmed et al., 2007).  Any level of prior exposure may have given the older 

population the necessary antibodies to fight the virus (Ahmed et al., 2007; Mathews et 

al., 2010).   

A study showed that young adults who were not involved in the war had much 

higher mortality rates compared to the older adults and children (Ahmed et al., 2007).  

They also examined a control study in an isolated area of Alaska that would not have had 

the prior immune exposure and showed that their mortality curve did not exhibit the “W-

shaped” signature pattern (Ahmed et al., 2007).  A similar study examined another 
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isolated case in Mexico that had a spring wave prior to the pandemic that took the lives of 

many individuals over the age of 65 (Chowell et al., 2010).  This suggests that the 

isolated areas did not have a pre-existing immune response in the older adult population 

that would not have been exposed to the previous Russian Flu strain.   

Researchers have recently examined the immune reactions to the Spanish Flu 

strain and found that the outcomes in young adult populations could be attributed to a T-

cell mediated response that caused an overactive immune system to begin to attack their 

own bodies (Shanks & Brundage, 2012).  Other than age, studies have also considered 

gender and race as causal factors but have not found significant correlations (Viboud et 

al., 2012).  If a future pandemic follows a similar pattern of manifestation in the young 

adult populations, then public health officials will want to provide targeted intervention 

techniques for these demographic groups in each city. 

1.5 The Future of Pandemic Outbreaks 

 The 2009 swine-origin H1N1 pandemic has been one of the few pandemic 

outbreaks in the twenty-first century that caused for some panic in the public health 

community (Smith et al., 2009).  In the first few weeks of the outbreak, the virus had 

already spread to 30 different countries and infected hundreds of people (Smith et al., 

2009).  The mutation pathway of the virus is not well understood and may have evolved 

in an intermediate host before infecting humans (Reid & Taubenberger, 2003).  The 

Swine Flu virus was thought to originate in a swine host and then mutated into the human 

species (Smith et al., 2009).  According to another study, the 1918 Spanish Flu strain 

may have also originated in swine and followed a similar pattern in the 2009 outbreak 

(Zimmer & Burke, 2009).  Although the 2009 strain was not as lethal as the Spanish Flu 
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strain, many scientists have found similarities in the pattern of transmission, which leads 

future researchers to believe that the next pandemic strain will be of the H1N1-swine 

variety (Smith et al., 2009).   

A study analyzed the relationship between meteorological parameters and the 

transmission of the 2009 pandemic strain (Steel et al., 2011).  They found peak activity in 

October 2009 was dependent on the relative humidity and temperature like the H3N2 

seasonal strain (Steel et al., 2011).  Since the 2009 strain peaked in mid-October like the 

Spanish Flu, the dependence on temperature may be another factor that allowed the rapid 

distribution of the virus during the fall of 1918. A more recent study in 2017 also 

suggested that ambient temperature and absolute humidity had a role in the transmission 

of the H7N9 strain of Avian Flu in China (Liu et al., 2017).  Studies such as these suggest 

that despite various strains in circulation, ambient weather factors may have a role in the 

transmission of the flu virus. 
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Chapter 2: Materials and Methods 

2.1 Data Collection 

 Historical health records from 1918 are sparse and not easily accessible.  During 

the time of the pandemic, many public health officials were overwhelmed by the influx of 

patients and did not have the time to update accurate records.  Often, health officials 

would do house visits where they would treat entire families and did not know the 

outcomes of their treatments after they left the home.  Some individuals would recover, 

while others would die in a few days.  Military records are some of the most well-kept 

records from the time, but still may contain gaps in the coverage for individuals.  The 

estimations of the death toll from the 1918 Spanish Flu continue to increase as more 

information is collected but may still not show an accurate representation of the entirety 

of the affected population.  In order to obtain the most accurate records for this study, 

mortality data from the 1918 Department of Commerce, Bureau of the Census was 

utilized for Indianapolis, IN and Philadelphia, PA from September 1st, 1918 to December 

31st, 1918 (Appendix A; Appendix B).  Data from Kansas was also included in these 

records but were omitted due to the lack of coverage for the pandemic time span.  The 

records are published in Special Tables of Mortality from Influenza and Pneumonia and 

separated into primary and secondary causes of influenza and pneumonia (Appendix A; 

Appendix B).  Many individuals who were infected with the Spanish Flu developed 

bacterial pneumonia as a secondary factor and died from complications after the initial 

disease (Brundage & Shanks, 2008).  This study utilized both the influenza and 
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pneumonia deaths as counts of mortality due to the interdisciplinary nature of the viral 

pathogenicity and, more practically, because the historical records conflated the two 

diseases in the mortality records.  Mortality data was chosen due to the confirmation of 

influenza causality as opposed to the unknown causes in patients exhibiting flu-like 

symptoms.  Separation of male and female deaths were also included in the data but not 

analyzed in this study. 

In South Carolina, a medical officer at the Sixth Naval District in Charleston, SC 

kept daily records of cases treated outside of his office from September 25th, 1918 to 

November 12th, 1918 (Appendix C).  These records were transcribed into Excel 

documents and used to indicate the impact of naval cases as a comparison to the civilian 

cases.  Public records from the Charleston County Library were found in the Return of 

Deaths Within the City of Charleston, SC, and included alphabetized death records from 

January 1, 1907 – December 31, 1926 (Appendix D).  These records were used to extract 

information for 314 individuals who had perished during the 1918 Spanish Flu (Appendix 

D).  The document headings are written as: Name, Sex, Color, Date of Death, Cause of 

Death, Place of Death, Age, Place of Nativity, Attending Physician or Coroner, and Place 

of Internment (Appendix D).  Records were analyzed from both white and black 

mortality records on each of the film reels.  Each individual field was transcribed into an 

Excel document and then shared for future use. 

 The online National Oceanic and Atmospheric (NOAA) database contains a 

Global Historical Climatology Network (GHCN) of documents from the early 1900s that 

have been digitized and include daily temperature readings from most major cities across 

the United States.  Weather stations were selected for this study based on the closest 
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proximity to the city center and highest amount of coverage relative to the cities of 

interest (Figure 3).  The selected weather stations and coordinates are listed in the table 

below. 

City Station Code Coordinates 

Philadelphia, PA USC00366194 40.1482, -74.953 

Indianapolis, IN US1INMR0051 39.78333, -85.76667 

Charleston, SC USW00013782 32.775, -79.9239 

The locations of each city and selected weather stations are shown in Figure 3. 

The temperature variables from 1918 were published as daily high and low temperatures 

and labeled as T-MAX and T-MIN for reference.  The daily average values (T-MEAN) 

and daily temperature range values (T-RANGE) were calculated from the given 

parameters as further independent variables for this study.  A few days in the datasets 

also included precipitation and snowfall but were omitted from this study due to lack of 

coverage in the data. 

2.2 Statistical Tests 

Upon initial examination of the data, the case counts, and temperature values were 

graphed as a scatter plot to find a correlation between increasing and decreasing 

temperature and the peak mortality rates in each city. The distribution of each data set 

was tested for normality but were not found to follow a normal distribution. To determine 

the overall relationship between the mortality and temperature variables, a non-

parametric method was necessary for proper analysis.  SPSS Software was used to 

conduct a Wilcoxon-Signed-Rank test.  This test analyzes each individual data point and 
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finds the marginal distance from the mean and combines them for an overall comparison 

of the dataset in a non-parametric test (Field, 2014).   

Most time series models of diseases are used to predict future seasons of the flu 

rather than finding correlations between outside variables and the accounts of flu 

(Lofgren et al., 2007).  Studies have also attempted to predict the spread of the disease by 

photoperiod and latitude and longitudinal relationships (Prendergast, 2011).  While 

methods are limited, the use of autocorrelation methods for time series can determine the 

relationship between the two variables of infectious diseases (Imai et al., 2015).  

According to previous studies, a lag in the temperature values is necessary to align the 

peak in mortality for influenza with the peak change in temperature (Sundell et al., 2016).  

Time series analysis of one response statistics (mortality) and a covariate (temperature) 

requires analysis using a time series regression model (Allard, 1998).  JMP Pro Software 

was used to conduct an ARIMA model to find the most significant lag value for 

comparison of the two time series data sets.  The selection criteria for statistical 

significance was set at 0.05* and 95% confidence intervals. 

2.3 GIS Mapping 

 ArcGIS Pro software was used to produce an initial map that would show the 

overall coverage of the study area with points set at each of the weather stations using 

their coordinates provided above (Figure 3).  The overall distribution of the selected cities 

shows the wide span of coverage on the eastern coast via the selected areas and the 

variability in the latitudes and longitudes. 
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 The data transcribed from civilian death records in Charleston, SC included 

individual locations of each case of mortality.  Each location was transcribed into the 

closest estimated modern address and added as a new field into the Excel document.  Out 

of the 315 individuals, 22 points were omitted due to the lack of a complete address in the 

records.  The data fields were imported into ArcGIS Pro and then geocoded into 

individual data points to indicate a location-based image of the overall distribution of 

deaths across the Charleston area (Figure 12).  A historical 1919 map of Charleston was 

downloaded from the Perry-Castañeda Library Map Collection from the United States 

Department of the Interior Geological Survey and used as a base map to ensure the 

highest degree of accuracy (Figure 12). A heat map of the point density of the number of 

deaths was created through a symbology modification (Figure 13).  
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Chapter 3: Results 

3.1 Philadelphia Results 

 Philadelphia, PA had the largest amount of data coverage from September 1st, 

1918 to December 31st, 1918 with 13,941 recorded cases of mortality over the 122-day 

period (Table 2).  A pandemic curve was developed from this data with peak mortality of 

803 cases on October 11th, 1918 (Figure 4).  Daily temperature values ranged from 13°F 

to 86°F over the course of the season (Table 2).  A gradual decrease in average 

temperature continued with slight variations in daily temperature (Figure 5).  The greatest 

daily change in temperature was 43°F on October 10th, 1918, one day prior to the 

pandemic peak (Table 2).  To compare the temperature variables to the daily counts of 

mortality, a non-parametric Related Samples Wilcoxon Signed Rank Test was used with 

manual lags of the data from 0 to 5 days and increased to 10 days for T-RANGE (Table 

3).  Initial results showed a significant correlation between the T-RANGE values and the 

cases of mortality (Table 3).  In order to account for time series data and the relationship 

between various days, an ARIMA model was used to determine the possible lags between 

peak mortality and the temperature variables (Table 4).  Each of the models showed 

significant results at the 0.01 confidence level for each of the temperature variables 

throughout each of the lag values (Table 4).   A scatter plot of the T-RANGE and cases of 

mortality for the data and the 2-day manual lag with R2 values of 0.1137 (no lag) and 

0.0981 (2-day lag) (Figure 6).  Figure 11 shows the relationship between the daily T-
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RANGE and cases of mortality with the corresponding peaks approximately 2 days apart 

(Figure 7). 

3.2 Indianapolis Results 

 The city of Indianapolis, IN had a much smaller population in 1918 than that of 

Philadelphia, PA and recorded only 1,033 cases of mortality during the same time period 

from September 1st, 1918 to December 31st, 1918 (Table 5).  Peak mortality was recorded 

on October 18th, 1918 with 29 deaths (Figure 8).  Indianapolis continued to show 

decreasing cases of mortality throughout the rest of November 1918 with a smaller 

secondary peak of 23 cases on November 24th, 1918 (Figure 8).  Daily temperature values 

also exhibited a gradual decrease in temperature over the season with a few fluctuations 

in the values (Figure 9).  Temperature values ranged from 17°F to 85°F with the greatest 

T-RANGE of 36 degrees on October 17th, 1918, one day prior to the pandemic peak 

(Table 5).  Related-Samples Wilcoxon Signed Rank Tests showed significant results for 

each of the temperature values for all the manually lagged days with 95% confidence 

(Table 6).  ARIMA models also showed significant findings with the greatest probability 

for 2- and 4-day lags for T-RANGE (Table 7).  Significant values were also found for 0- 

and 5-day lags for T-MEAN and T-MAX (Table 7).  T-MIN showed significant results 

for 2- and 4-day lags (Table 7).  A scatter plot of the T-RANGE variable and cases of 

mortality explained the best fit of the data with an R2 value of 0.0116 (no lag) and 0.0612 

(2-day lag) (Figure 10).   

3.3 Charleston Results 

Data collection from Charleston, SC included two separate datasets with naval 

case counts and civilian mortality records (Table 8) (Table 9).  Data included from the 



21 

 

Charleston Naval base was recorded over a 45-day span from September 25th, 1918 to 

November 8th, 1918 (Table 8).  These records included daily visits from a medical health 

officer in the Sixth Naval District (Appendix C).  Civilian records were recorded from the 

Charleston Return of Deaths reel from the Charleston Public Library from October 1st, 

1918 to February 28th, 1919 (Appendix D) (Table 9).  Individual records of 151 civilians 

including dates and locations of deaths were extracted from historical data for analysis 

(Table 9).  The locations of each death were geocoded into ArcGIS Pro and displayed on 

a historic 1919 Charleston map (Figure 12).  Included in the map are the 5 main hospital 

centers that were used for treatment; Baker Sanatorium, Charleston Orphan House, 

Riverside Infirmary, Roper Hospital, and St. Francis Infirmary (Figure 12).  A secondary 

analysis of the point density was included to show the number of deaths that occurred in 

each region (Figure 13).  ArcGIS Pro was used to integrate the points into a heat map 

image based on the density of deaths.  The highest densities are recorded around the main 

hospital centers and a small region on the north east side of the peninsula (Figure 13). 

Access to civilian and naval records showed a shift in the dispersal from military 

personnel to civilians with about a 1 to 2-week lag (Figure 16).  To conduct the statistical 

analysis, naval and civilian records were combined for a wider range of records (n=196) 

(Figure 17).  Combined data showed a peak on October 7th, 1918 with 38 records (Figure 

17).  Most cases of influenza were sparse after November 1918 with a few small 

outbreaks in mid-January and February 1919 (Figure 17).   

Temperature data showed a gradual decrease in the seasonal temperature with a 

few sharp drops in temperature around mid-October and late-December 1918 (Figure 18).  

The largest change in temperature range occurred on January 3rd, 1919 of 34 degrees 
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(Table 9).  During the time of the pandemic, the greatest change in temperature occurred 

on October 6th, 1918 of 20 degrees, one day prior to the pandemic peak (Figure 19).  

Scatter plots of mortality and temperature range were created to see the general 

relationship between the variables (Figure 20).  Calculations of R2 values did not show a 

strong correlation with values of 0.0014 (no lag) and 0.0009 (2-day lag) (Figure 20).  

Nonparametric tests for relationships between the variables showed highly significant 

results (<0.0001*) for each of the temperature values and mortality (Table 10).  ARIMA 

models also showed strong correlations between each variable from 1 to 5-day lags 

(Table 11).  Temperature range was extended to a 10-day lag and showed strong 

correlations from 1-9-day lags with 95% confidence (Table 11).   

The detail included in the Charleston data set allowed for further analysis of the 

demographic data to include race, gender, and age (Appendix D).  Age-related mortality 

from the Spanish Flu typically follows a W-shaped curve with the highest levels of 

mortality amongst mid-20 to 30-year-old individuals (Taubenberger & Morens, 2006).  

This curve was further supported by the Charleston civilian data set with the highest 

amount of deaths from age 18 to 40 with the highest number of deaths at age 25 (Figure 

20).  Records from the historical data were separated by race to include white, black, and 

colored individuals (Appendix D).  Races were distributed by 52% white, 15% black, and 

33% colored (Figure 22B).  Gender was closely distributed with 43% male and 57% 

female individual deaths (Figure 22A). 
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Chapter 4: Discussion 

4.1 Overall Discussion 

 Historical medical records from 1918 have been difficult for researchers to access 

due to lack of modern digitization and poorly kept records.  Mortality records are the 

easiest to obtain and aim to confirm causality with Spanish Influenza.  Often, secondary 

causes of influenza deaths were recorded as pneumonia and can serve as additional 

counts of mortality during the pandemic.  Confirmed cases of mortality for the three 

study areas, Philadelphia, Indianapolis, and Charleston were utilized to analyze the 

relationship between the daily counts of mortality and the change in temperature (T-

RANGE). 

4.2 Philadelphia   

 Philadelphia, PA had the largest range of coverage and the most distinguished 

pandemic peak out of the three cities (Figure 4).  Peak mortality was exhibited on 

October 11th, 1918 which follows the national scale of mortality from the heroic wave 

with most cities peaking in mid-October.  The greatest change in diurnal temperature 

existed one day prior to the pandemic peak with a 43-degree difference from high and 

low temperatures.  Without considering the time series analysis of the variables, the daily 

cases of mortality and diurnal temperature had a significant relationship at a one- and 

two-day lag at the 0.05 level (Table 3).  Maximum temperature, minimum temperature, 

and average temperature did not produce significant results when compared to the 

number of deaths (Table 3).  Using the T-RANGE as an explanatory variable, the data 
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was graphed against the cases of mortality (Figure 6).  As the number of cases of 

mortality increased, so did the range of temperature during the mid-October months 

(Figure 6).  However, in comparison to the entire time span, the data only explains 9% of 

the variability, overall and 11% when considering the 2-day lag (Figure 6).  To ensure 

statistical tests for a time series, the ARIMA model was used to determine the possible 

lags and found a significant correlation between each of the lag days tested from 1 to10-

day lags (Table 4).  While temperature range may be a predictor for the annual flu season, 

the rapid transmission of the 1918 Spanish Flu may have been too lethal to determine a 

causal relationship between the outdoor temperature and cases of mortality in 

Philadelphia, PA.  While the visual relationship can be shown between the peak change 

in temperature one day prior to the pandemic peak, the causation is not enough of an 

explanatory variable to be completely supported as the only causal factor (Figure 7).   

4.3 Indianapolis 

 The city of Indianapolis had the least amount of data coverage in comparison to 

the other two cities.  Due to the lower number of cases, the pandemic curve did not 

exhibit a singular strong peak, but two peaks in mid-October and mid-December (Figure 

8).  Although data coverage was consistent throughout the 122-day period for deaths and 

temperature, the accuracy of the statistical tests may not hold enough weight to fully 

support the hypothesis (Table 5).  The Wilcoxon-Signed Rank test showed a highly 

significant relationship between the case count and temperature variables at the 0.05 level 

for all lag days (Table 6).  The ARIMA model only showed significant correlations 

between T-RANGE and case count at 2- and 4-day lags (Table 7).  Although significant 

values were found for T-MAX, T-MIN, and T-MEAN at varying days, the further 
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support from the Philadelphia case study would suggest that the T-RANGE has the 

greatest significance on the case count rather than the other variables (Table 3) (Table 4) 

(Table 7).  The scatter plot of T-RANGE and cases with a 2-day lag only explained 1% 

and 6% of the relationship, respectively (Figure 10).  Although this figure does not 

consider the time series relationship of the variables, the results are like those found in 

the Philadelphia study (Figure 6) (Figure 10).  This suggests that when time is taken into 

consideration, the temperature has a significant relationship with the amount of mortality 

cases within two days prior to the pandemic peak. Again, the visual comparison of the 

case counts overlaid with the temperature range shows a peak in the daily change in 

temperature around 1 to 2 days prior to the peak (Figure 11).  While the curves are not as 

pronounced as those in the Philadelphia data set, this pattern is similar in both case 

studies (Figure 7) (Figure 11). 

4.4 Charleston 

 The data utilized in the Charleston study was initially separated by naval and 

civilian records and the final analysis was conducted on the combined dataset (Table 8) 

(Table 9).  The coverage of the data in Charleston was also not as vast as the one for 

Philadelphia but provided a longer range of data from September 1918 to March 1919.  

An initial qualitative analysis between the naval and civilian datasets shows the gradual 

movement of the virus from the naval population to the civilians a few weeks later 

(Figure 16).  The peak in the naval population was on October 7th, 1918 while the civilian 

population did not reach peak activity until October 18th, 1918 (Figure 16).  The 11-day 

lag between the two populations suggests that the spread of the virus was most likely 

initiated from military personnel and transferred to the general population about a week 
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and a half later.  However, the dataset for the naval population is a count of cases while 

the civilian population records mortality.  A study found that the average number of days 

between onset of symptoms to mortality in naval and civilian populations was between 7-

11 days (Klugman et al., 2009).  This finding further supports the spread of disease 

between civilian and naval populations. 

While the naval base was in the upper portion of the Charleston peninsula, precise 

locations of the cases used in this study were not included in the original record 

(Appendix D).  Therefore, this data was omitted from the visual map produced for the 

downtown Charleston region.  The map created from the civilian data has confirmed 

address locations of each death and were geocoded in ArcGIS Pro to represent each 

person at their final place of death (Figure 12).  The main hospital centers at the time 

were Baker Sanatorium, Charleston Orphan House, Riverside Infirmary, Roper Hospital, 

and St. Francis Infirmary which are represented on the map by individual points (Figure 

12).  Many of the individuals recorded in the study also perished at these locations.  The 

selected weather station used in the study is also represented on this map (Figure 12).  

The widespread distribution of points shows that the virus spread rapidly and evenly 

throughout the downtown Charleston region (Figure 12).   Overall, this map provides a 

new perspective on the impact of disease in the Charleston area, and could provide 

historians with vital information for families and historical narratives about the city. 

A heat map of the density of deaths was created to show the distribution and 

clusters of deaths on the peninsula (Figure 13).  The regions with the most deaths were 

located around the hospital centers due to the volume of people being served in these 

facilities (Figure 13).  Over 40 individual deaths were recorded at Roper Hospital (Figure 
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13).  The most unique portion of the map relates to a cluster of deaths in the top right 

portion of the peninsula (Figure 13).  Upon closer examination of the points located in 

this cluster, it was found that most of these individuals were of African American descent 

(Figure 12).  After further analysis, the historical data showed that this region was 

designated for Freedman Cottages built for newly freed African American slaves 

following the Civil War (D’Aquisto, 2006).  At the time, many African Americans were 

either prohibited from visiting certain health facilities or were afraid to go due to 

prejudice following the Civil War.  Many of them were forced to battle the disease in 

their homes instead, and thus had higher rates of mortalities in their neighborhoods.  This 

smaller region of high density of deaths explains the demographic dispersal across the 

peninsula and adds to the racial disparities of this group at the time of the pandemic. 

 The combined dataset shows a significant peak in the case count in early October 

and a smaller peak in mid-January with 6 cases recorded on January 20th, 1919 (Figure 

17).  This city is the only case study that has extensive data coverage through the 1919 

months beyond the pandemic period.  This finding further supports the previously 

published data that suggests a second smaller wave of influenza following the herald 

wave in October 1918 in most cities (He et al., 2011; Chowell et al., 2010).  Some studies 

have also suggested a minor wave in the summer prior to the pandemic peak, but data 

was not available before September 1918 for these cities (Andreason et al., 2008). 

 The specificity of the data also included ages for civilians in Charleston and was 

sorted into age groups from 0 to 82 years old and graphed to visualize the distribution 

(Figure 21A).  The W-shaped curve as suggested by many other researchers was further 

supported from the data found in Charleston and showed the greatest number of deaths 
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with individuals ages 18 to 40 with the highest amount of deaths at age 25 (Figure 21A).  

The normal curve of mortality shows the highest influenza deaths at the youngest and 

oldest ages, but the Spanish Flu has continually shown a unique peak in mortality 

amongst young adult populations (Figure 21B).  Researchers have attributed this shift in 

mortality to an overactive immune response of healthy young adult individuals and a lack 

of prior immunity (Langford, 2002; Viboud et al., 2012; Taubenberger & Morens, 2006).  

This dataset further supports this argument and contributes to the growing evidence of a 

young adult overactive immune response. 

 Historical medical records from 1918 are lacking, especially for marginalized 

groups of individuals.  The Charleston data set was also categorized by race and gender 

as printed on the historical death records (Appendix D).  A simple analysis of the overall 

distribution of deaths by gender was 43% male and 57% female in the civilian population 

(Figure 22A).  The slightly higher number of females in the civilian population may be 

attributed to a large majority of males serving in the military for the war.  If gender were 

included with the naval population as male, the overall ratio would be more even.  The 

categorization of white and black civilians were place into separate death records and 

some individuals were also labeled as “C” for “colored” rather than “B” for “black” 

(Appendix D).  The reasoning behind this categorization was due to African American 

class systems that separated affluent groups into “colored” and poorer groups as “blacks.”  

The overall distribution of individuals in the set were 51% white, 15% black, and 33% 

colored (Figure 22B).  This data set can serve as one of the most complete record systems 

for African Americans during the 1918 Spanish Flu pandemic. 
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 Statistical analysis of the Charleston data was conducted on the combined civilian 

and naval records over the time span from October 1918 to March 1919.  Initial 

comparison of the temperature variables and case counts found a significant correlation at 

the 0.05 level for all variables and all lags (Table 10).  This finding from the Wilcoxon 

Signed Rank test suggests that the variables without respect to time are significantly 

different than the number of deaths in the population.  The ARIMA model also showed 

significant values for all variables and lag days except for 0- and 10-day lags with T-

RANGE (Table 11).  While the dataset does not have as many recorded deaths as those in 

the Philadelphia dataset, the findings further suggest a significant correlation between the 

temperature and peak mortality from 1 to 9-day lags (Table 11).   
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Chapter 5: Conclusion 

5.1 Research Conclusions 

The findings in this study suggest that a significant relationship was found 

between the temperature changes (T-RANGE) and the peak mortality in the pandemic 

with an average of a 1 to 2-day lag in each city.  The lethality of the virus caused the 

disease to spread rapidly throughout the population and increased mortality to a higher 

than average rate, especially for young adult populations. 

Influenza typically takes 1-4 days to exhibit symptoms from onset to infection and 

can infect an isolated population of individuals within 72 hours (Moser et al., 1979).  The 

1918 Spanish Flu strain followed a similar pattern of transmission with most individuals 

showing symptoms within 1-5 days, yet mortality may follow within that timeframe or 

shortly after (Cumpston, 1919).  A two-day lag in the pandemic between the change in 

temperature and peak mortality may be too close for a causal factor but may have a role 

in the individual’s immune response.  A drastic change in temperature may have had a 

negative impact on the recovery success to the vulnerable infected population.  The 

individuals who perished within the 2-day time frame would have already been infected 

with the virus at the time that the drastic change in temperature occurred.  This suggests 

that the passage of the virus from person to person may not be influenced by the ambient 

temperature, but the host and behavioral responses must be further examined.  A previous 

study that analyzed seasonal flu with a multi-factorial approach found a 3% relationship 

with humidity levels, no relationship with school and holiday schedules, and 27% 
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“between seasons” effects (teBeest et al., 2013).  The sudden changes in temperature (T-

RANGE) found in this study may serve as an explanation for the “between season” effect 

found in the previous study (teBeest et al., 2013).   

As with any historical data set, limitations exist for data coverage and information 

about individuals (White, 2010).  More historical records are becoming digitized and 

providing more information to researchers on the impact of the 1918 Spanish Flu and 

other pandemic diseases (White, 2010).  This study provides a further count of mortality 

for three North American cities with a detailed count of individuals in Charleston.    

5.2 Public Health Implications 

The World Health Organization currently has published guidelines to follow in 

the event of a pandemic outbreak including quarantine measures, social distancing 

measures, and personal protection measures as nonpharmaceutical interventions (Group, 

2006).  However, local measures such as distribution of antivirals and vaccine initiatives 

are lacking.  Modern medicine has introduced the use of antivirals to reduce the severity 

of influenza when treated early in the process.  Antiviral Neuraminidase inhibitors have 

also been found to be an effective treatment for critically-ill patients with H1N1 (Louie et 

al., 2012).  While vaccines may take months to produce, antivirals may be the best 

alternative to provide an effective immune response during a pandemic. 

Advancements in the internet activity across the globe have allowed us to track 

patterns in the population in a greater manner than ever before.  Researchers have utilized 

Google to examine the number of people searching for flu-related symptoms and found a 

correlation between increased searches and increased hospital visits during the annual flu 

seasons (Dugas et al., 2012). 
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Education of the public will also be essential in alleviating the burden of a 

pandemic outbreak.  Household based intervention methods have also been proposed 

such as voluntary quarantine and keeping antivirals at home for easy access (Wu et al., 

2009).   

5.3 Potential Public Administration Outreach 

Various studies can be conducted prior to the next pandemic such as surveillance 

studies in hospitals as well as group cohort studies to assess the general knowledge of the 

population (J. Abramson & Z. Abramson, 2011).  Modern surveillance techniques would 

allow epidemiologists to better predict future pandemics with early surveillance and 

possibly allow for enough time to produce a vaccine by the peak rate of transmission 

(Miller et al., 2009).  Once the vaccines are created, a question of distribution priority 

also comes into question when determining priorities in demographic groups.  If the age-

related mortality of future pandemics follows the similar pattern of the 1918 Spanish Flu, 

then public health officials should prioritize treating young-adult age groups over those 

who are younger and elderly (Miller et al., 2009).  Ideally, all individuals would be able 

to have access to the treatments, but priorities during a shortage must be planned for 

accordingly.   

Predictions for future pandemics can be determined with monitoring software and 

digitization of health records.  The 2009 Swine Flu pandemic was the first opportunity 

that surveillance techniques could be tested in the United States.  A study of the 

southeastern coast analyzed and successfully predicted the spatial transmission of the 

2009 swine flu and compared to confirmed cases (Pei et al., 2017).  Similar measures 

could be implemented and improved in future pandemics.  
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5.4 Future Directions 

 Findings that show a fluctuation or sudden change in temperature may provide 

new information to prepare for sudden outbreaks of influenza.  However, with climate 

change, this also brings greater fluctuations in temperature which would therefore 

increase the possibility of flu-related outbreaks more often or sooner in the seasons (Ebi 

& Mills, 2013).  One study suggested that warmer winters could lead to less influenza 

infections, but climate change would not cause every area of the globe to have warmer 

winters (Urashima et al., 2003).  The overall distribution of weather patterns across the 

globe will have high levels of variation and will require a focused approach to target 

areas of highest need during pandemic outbreaks. 

 The current distribution of vaccinations is based on the currently circulating 

viruses at the time of manufacturing.  Twice each year, the World Health Organization 

gets together to determine the circulating viruses for the Northern and Southern 

Hemispheres (Gerdil, 2003).  The FDA makes the final decision in the United States 

around February each year, well before the following season (Gerdil, 2003).  While this 

method can be beneficial at times, this often leads to the lowered level of efficacy in the 

vaccinations each year.  Viral mutations may cause the manufactured vaccinations to 

become ineffective in short amounts of time.  The process to develop a vaccine may 

shorten as advancements are made in manufacturing, but the current dilemma remains the 

same. 

 The multi-disciplinary approach to combatting influenza with environmental 

factors is a new field of research that can be beneficial to public health and biological 

research.  As scientists learn more about the individual susceptibility of influenza related 

to social aspects, we can better understand the underlying principles that influenza the 
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passage of the virus throughout populations.  Temperature has continued to be a strongly 

correlated variable and should be continually researched in future studies.  
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Figures 

 
Figure 1.  Mortality Impact of Previous Flu Pandemics in the United States (Saunders-Hastings and Krewski, 2016) 
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Figure 2.  Pandemic Curve of 2009 Swine Flu Pandemic in the United States (WHO, Flu Net Available from: 

http://www.who.int/influenza/gisrs_laboratory/flunet/en/) 
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Figure 3.  Map of Study Area and Selected Weather Stations in Indianapolis and Philadelphia 
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Figure 4.  Pandemic Mortality Curve for Philadelphia, PA 1918 
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Figure 5.  Daily High, Low, and Mean Temperature Values for Philadelphia, PA 1918 
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Figure 6.  Scatter Plot of Relationship between Mortality and Change in Temperature in Philadelphia, PA 1918 
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Figure 7.  Overlay of Philadelphia Mortality and Temperature Range 
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Figure 8.  Pandemic Mortality Curve for Indianapolis, IN 1918 
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Figure 9.  Daily High and Low Temperatures in Indianapolis, IN 1918 
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Figure 10.  Scatter Plot of Relationship between Mortality and Change in Temperature in Indianapolis, IN 1918 
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Figure 11.  Overlay of Indianapolis Mortality and Temperature Range 
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Figure 12.  Distribution of 1918 Spanish Flu Deaths, Health Centers, and Weather Station in the Downtown Charleston Region 
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Figure 13.  Heat Map of Flu Death Density in Charleston, SC 1918 
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Figure 14.  Pandemic Mortality Curve for Naval Data in Charleston, SC 1918  
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Figure 15.  Pandemic Mortality Curve for Civilian Data in Charleston, SC 1918  

0

2

4

6

8

10

12

14

16
C

A
S

E
S

 O
F

 M
O

R
T

A
L

IT
Y



62 

 

 
Figure 16.  Overlay of Mortality Data for Naval and Civilian Data in Charleston, SC 1918 
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Figure 17.  Combined Pandemic Mortality Curve for Charleston Naval and Civilian Combined Data in 1918 
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Figure 18.  Daily High and Low Temperatures in Charleston, SC 1918  
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Figure 19.  Overlay of Charleston Civilian and Naval Mortality and Temperature Range 
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Figure 20.  Scatter Plot of Relationship between Mortality and Change in Temperature in Charleston, SC 1918  
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Figure 21.  (A) Charleston Civilian Population 1918 Spanish Flu Deaths by Age and (B) Comparison to Previous National Counts of 

Deaths from 1900-1917 (Linder & Grove, 1943) 
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Figure 22.  Gender (A) and Race Distributions (B) for Charleston 1918 Spanish Flu Mortality Data 
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Tables 

 

Table 1.  Timing of Previous Pandemic Outbreaks and Mortality Scale (Kilbourne, 2006)  

Year 
Common 

Name 

Influenza 

Strain 

Peak 

Month in 

US 

Estimated 

Mortality in 

US 

Estimated 

Global 

Mortality 

1918 Spanish Flu H1N1 October 675,000 50 million 

1957 Asian Flu H2N2 October 116,000 1.1 

million 

1968 Hong Kong H3N2 October 100,000 1 million 

2009 Swine Flu H1N1pdm09 October 12,469 575,400 
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Table 2.  Descriptive Statistics of Influenza Mortality and Temperature for Philadelphia, 

PA in 1918  

Variable N Minimum Maximum Mean 
Std. 

Deviation 

DATE 122 9/1/1918 12/31/1918 10/31/1918 - 

CASES 122 1 803 114.3 199.36 

T-MAX 122 35 86 63.2 13.44 

T-MIN 122 13 64 38.3 12.69 

T-MEAN 122 24 74 50.8 12.31 

T-RANGE 122 9 43 24.9 8.78 
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Table 3.  Related-Samples Wilcoxon Signed Rank Test for Philadelphia, PA. 

Significance level 0.05* 

Variable Lag (Days) p-value 

T-MAX 

0 .071 
1 .080 
2 .080 
3 .079 
4 .077 
5 .094 

T-MIN 

0 .995 
1 .917 
2 .917 
3 .946 
4 .863 
5 .860 

T-MEAN 

0 .247 
1 .242 
2 .242 
3 .253 
4 .285 
5 .295 

T-RANGE 

0 .023* 
1 .012* 

2 .012* 

3 .013* 

4 .015* 

5 .018* 

6 .022* 

7 .038* 

8 .047* 

9 .079 

10 .055 
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Table 4.  Auto Correlated ARIMA Models for Philadelphia, PA 

Variable 
Lag 

(Days) 
Estimate Std Error t Ratio Prob>|t| 

T-MAX 

0 110.657 24.392 4.54 <0.0001* 

1 -1.638 0.086 -19.04 <0.0001* 

2 -2.079 0.133 -15.60 <0.0001* 

3 -1.866 0.124 -15.04 <0.0001* 

4 -1.280 0.094 -13.59 <0.0001* 

5 -0.555 0.072 -7.70 <0.0001* 

T-MIN 

0 110.657 24.392 4.54 <0.0001* 

1 -1.638 0.086 -19.04 <0.0001* 

2 -2.079 0.133 -15.60 <0.0001* 

3 -1.866 0.124 -15.04 <0.0001* 

4 -1.280 0.094 -13.59 <0.0001* 

5 -0.555 0.072 -7.70 <0.0001* 

T-MEAN 

0 110.657 24.392 4.54 <0.0001* 

1 -1.638 0.086 -19.04 <0.0001* 

2 -2.079 0.133 -15.60 <0.0001* 

3 -1.866 0.124 -15.04 <0.0001* 

4 -1.280 0.094 -13.59 <0.0001* 

5 -0.555 0.072 -7.70 <0.0001* 

T-RANGE 

0 109.775 36.482 3.01 0.0032* 

1 -1.456 0.095 -15.20 <0.0001* 

2 -1.786 0.147 -12.07 <0.0001* 

3 -1.908 0.218 -8.75 <0.0001* 

4 -2.083 0.259 -8.02 <0.0001* 

5 -1.950 0.280 -6.96 <0.0001* 

6 -1.89 0.248 -7.65 <0.0001* 

7 -1.61 0.195 -8.25 <0.0001* 

8 -1.43 0.146 -9.83 <0.0001* 

9 -1.30 0.121 -10.78 <0.0001* 

10 -0.47 0.101 -4.64 <0.0001* 
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Table 5.  Descriptive Statistics of Influenza Mortality and Temperature for Indianapolis, 

IN in 1918 

Variable N Minimum Maximum Mean 
Std. 

Deviation 

DATE 122 9/1/1918 12/31/1918 10/31/1918 - 

CASES 122 0 29 8.47 6.30 

T-MAX 122 28 85 61.41 13.00 

T-MIN 122 17 63 40.34 10.97 

T-MEAN 122 22.5 73 50.87 11.34 

T-RANGE 122 6 36 21.07 7.99 
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Table 6.  Related-Samples Wilcoxon Signed Rank Test for Indianapolis, IN 1918. 

Significance level 0.05* 

Variable Lag (Days) p-value 

T-MAX 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-MIN 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-MEAN 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-RANGE 

0 <0.000* 
1 <0.000* 

2 <0.000* 

3 <0.000* 

4 <0.000* 

5 <0.000* 

6 <0.000* 

7 <0.000* 

8 <0.000* 

9 <0.000* 

10 <0.000* 
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Table 7.  Auto Correlated ARIMA Models for Indianapolis, IN 1918 

Variable Lag (Days) Estimate 
Standard 

Error 
t Ratio Prob>|t| 

T-MAX 

0 8.029 1.347 5.96 <0.0001* 

1 -0.353 0.092 -3.81 0.0002* 

2 -0.369 0.102 -3.59 0.0005* 

3 -0.414 0.107 -3.86 0.0002* 

4 -0.409 0.112 -3.65 0.0004* 

5 -0.473 0.110 -4.28 <0.0001* 

T-MIN 

0 7.898 2.333 3.38 0.0010* 

1 -0.665 0.493 -1.35 0.1809 

2 1.300 0.319 4.07 <0.0001* 

3 0.527 0.798 0.66 0.5104 

4 -1.181 0.268 -4.40 <0.0001* 

5 0.620 0.704 0.88 0.380 

T-MEAN 

0 8.029 1.347 5.96 <0.001* 

1 -0.353 0.092 -3.81 0.0002* 

2 -0.369 0.102 -3.59 0.0005* 

3 -0.414 0.107 -3.86 0.0002* 

4 -0.409 0.112 -3.65 0.0004* 

5 -0.473 0.110 -4.28* <0.0001* 

T-RANGE 

0 7.898 2.333 3.30 0.0010* 

1 -0.665 0.493 -1.35 0.1809 

2 1.300 0.319 4.07 <0.0001* 

3 0.527 0.798 0.66 0.5104 

4 -1.181 0.268 -4.40 <0.0001* 

5 0.620 0.704 0.88 0.3809 

6 1.203 0.639 1.88 0.0626 

7 -0.889 0.514 -1.73 0.0872 

8 -1.01 0.735 -1.38 0.1696 

9 0.168 0.352 0.48 0.6331 

10 0.092 0.356 0.26 0.7947 
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Table 8.  Descriptive Statistics of Influenza Mortality and Temperature for Charleston 

Naval Base, SC in 1918 

Variable N Minimum Maximum Mean 
Std. 

Deviation 

DATE 45 9/25/1918 11/8/1918 10/17/1918 - 

CASES 45 0 35 8.78 8.94 

T-MAX 45 60 86 74.64 6.31 

T-MIN 45 45 73 61.69 7.68 

T-MEAN 45 53 77 68.17 6.75 

T-RANGE 45 5 21 12.96 3.94 
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Table 9.  Descriptive Statistics of Influenza Mortality and Temperature for Charleston, 

SC Civilian Data in 1918 

Variable N Minimum Maximum Mean 
Std. 

Deviation 

DATE 151 10/1/1918 2/28/1918 12/13/1918 - 

CASES 151 0 14 2 2.95 

T-MAX 151 37 86 63.65 10.06 

T-MIN 151 22 73 49.93 10.50 

T-MEAN 151 29.5 77 56.79 9.98 

T-RANGE 151 4 34 13.72 4.93 
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Table 10.  Related-Samples Wilcoxon Signed Rank Test for Charleston, SC Combined 

Naval and Civilian Data Sets in 1918. Significance level 0.05* 

Variable Lag (Days) p-value 

T-MAX 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-MIN 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-MEAN 

0 <0.000* 
1 <0.000* 
2 <0.000* 
3 <0.000* 
4 <0.000* 
5 <0.000* 

T-RANGE 

0 <0.000* 
1 <0.000* 

2 <0.000* 

3 <0.000* 

4 <0.000* 

5 <0.000* 

6 <0.000* 

7 <0.000* 

8 <0.000* 

9 <0.000* 

10 <0.000* 
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Table 11.  Auto Correlated ARIMA Models for Charleston, SC Combined Naval and 

Civilian Data Sets in 1918 

Variable Lag (Days) Estimate Std Error t Ratio Prob>|t| 

T-MAX 

0 4.583 1.342 3.41 0.0008* 

1 -0.353 0.082 -4.31 <0.0001* 

2 -0.399 0.092 -4.31 <0.0001* 

3 -0.367 0.084 -4.32 <0.0001* 

4 -0.363 0.078 -4.61 <0.0001* 

5 -0.630 0.090 -6.95 <0.0001* 

T-MIN 

0 4.697 1.155 4.07 <0.0001* 

1 -0.566 0.079 -7.10 <0.0001* 

2 -0.638 0.108 -5.89 <0.0001* 

3 -0.563 0.107 -5.23 <0.0001* 

4 -0.351 0.084 -4.18 <0.0001* 

5 -0.505 0.075 -6.71 <0.0001* 

T-MEAN 

0 4.697 1.155 4.07 <0.0001* 

1 -0.566 0.079 -7.10 <0.0001* 

2 -0.638 0.108 -5.89 <0.0001* 

3 -0.563 0.107 -5.23 <0.0001* 

4 -0.351 0.084 -4.18 <0.0001* 

5 -0.505 0.075 -6.71 <0.0001* 

T-RANGE 

0 4.583 1.342 3.41 0.0008* 

1 -0.353 0.082 -4.31 <0.0001* 

2 -0.399 0.092 -4.31 <0.0001* 

3 -0.367 0.084 -4.32 <0.0001* 

4 -0.363 0.078 -4.61 <0.0001* 

5 -0.630 0.090 -6.95 <0.0001* 

6 -0.422 0.080 -5.25 <0.0001* 

7 -0.521 0.087 -5.94 <0.0001* 

8 -0.433 0.094 -4.59 <0.0001* 

9 -0.440 0.086 -5.10 <0.0001* 

10 -0.114 0.107 -1.06 0.2921 
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Appendices 

Appendix A.  Special Tables of Mortality of Influenza and Pneumonia: Indiana Kansas, 

and Philadelphia, PA 1918 
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Appendix B.  Example Excerpt from Department of Commerce Census Records in 

Philadelphia, PA 1918 
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Appendix C.  Historical Naval Records from the Sixth Naval District in Charleston, SC 

November 14, 1918 
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Appendix D.  Example Excerpts from Historical Charleston Civilian Death Records 

Recorded from Charleston Public Library Reel 2F: Return of Deaths – White – Jan 1, 

1907 – Dec. 31, 1926 
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